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‘“Twinkle, twinkle, quasi-star
Biggest puzzle from afar
How unlike the other ones
Brighter than a billion suns
Twinkle, twinkle, quasi-star
How I wonder what you are.’

George Gamow, 1964
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Abstract

Quasars are among the most luminous objects in the Universe and as such can be found to have
existed within the first 700 million years after the Big Bang. This makes them useful for analyzing
the epoch of reionisation and the black hole mass evolution. They can be identified by a distinct
break in their spectral energy distribution (SED) around Lya, which shifts into the near-infrared at
z 2 6.5. However, due to their rarity and large contaminating populations, only a handful of quasars
at z > 7 have been found in total so far. Current methods contain visual inspection of images from
photometric surveys as part of the classification process. Manually examining a significant part of the
candidates becomes infeasible for upcoming surveys such as the Large Synoptic Survey Telescope
(LSST) and Euclid, which are expected to produce ~ 10'' — 10! bytes of data each night. In this
work, we reduce the amount of required visual inspection by testing candidates against a model of
a stationary point source that follows a quasar SED at 5.2 < z < 12. Bayesian model comparison
based on colour information is used to retrieve a quasar probability and the best fit SED. To automate
this process, we implement a data processing pipeline that extracts relevant information from survey
databases and photometric images. This information is then used to apply heuristic cuts in order to
obtain high-redshift quasar candidates. To optimise the classification, the collected information is
passed to decision tree and random forest machine learning classifiers. We also feed the raw image
data to a convolutional neural network to compare performance. Our pipeline is implemented for
the Sloan Digital Sky Survey (SDSS) and the United Kingdom Infrared Telescope Infrared Deep Sky

Survey (UKIDSS), and can easily be extended to future surveys.
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Chapter 1

Active galactic nuclei

Active galaxies contain supermassive black holes (SMBHs) in their centre and are actively accreting
mass onto it, in comparison to inactive galaxies that do not accrete any mass. The bright central
regions of active galaxies are called active galactic nuclei (AGN) (Lynden-Bell, 1969; Robson, 1996).
AGN contain a SMBH of up to M ~ 10'°M,, that is surrounded by a gas accretion disk (Soltan, 1982;
Peterson, 1997), as is illustrated in Figure 1.1. Once all the mass in its vicinity has been used up, the
accretion stops and the galaxy becomes inactive. Hence, the galaxies we see today may have been
AGNs a billion years ago. In comparison, the SMBH of our inactive galaxy Sagittarius A* has a mass
of M ~ 10°M,,.

* Narrow Line
o :
Region

Broad Line
Region

Accretion
Disk

Obscuring
Torus

Figure 1.1: Radio-loud AGN. Figure taken from Urry & Padovani (1995).

Emission occurs across the entire electromagnetic spectrum over more than twenty orders of mag-
nitude in frequency, having its peak in the UV (Padovani et al., 2017). Strong emission also occurs

in the X-ray and radio, with a luminosity that can fluctuate every few hours. They further can have
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Figure 1.2: AGN unification. The distinction between different subclasses of AGN depends on the
observer’s viewing angle and on the presence or absence of a relativistic jet on the side of the observer.
Figure taken from Beckmann & Shrader (2012).

Abbreviations: BL Lac - BL Lacertae object, - quasi-stellar object, BLRG - broad line radio galaxy,
NLRG - narrow line radio galaxy, FR-I - Fanaroff-Riley Class 1, FR-II - Fanaroff-Riley Class 2.
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winds and jets that are larger than the extent of their host galaxy. Different frequency bands capture
different physical properties of AGN. The optical and UV emission is originating from the accretion
disk (Urry & Padovani, 1995). It can be obscured by a dusty torus, which is traced by the infrared
(IR). A hot corona is located above the accretion disk, which emits in X-rays. Non-thermal emission
is captured in y-rays and radio. In the vicinity of the SMBH are the broad line region clouds, while
the narrow line region clouds are found further away and are less influenced by the central nucleus
(Groves, 2007).

AGN is an umbrella term for the same phenomenon (Kembhavi & Narlikar, 1999), as can be seen in
Figure 1.2. Examples of AGNs are quasars, radio galaxies, Seyfert galaxies and blazers. They mostly
differ in their morphology or viewing angles towards the observer, which is illustrated in Figure 1.2.
Depending on the viewing angle, a dusty torus can obscure the centre, which in turn results in a
different spectral energy distribution (SED) than if the centre was visible (Koratkar & Blaes, 1999).
The brightness in the radio is dependent on whether the observer is located on the side of a relativistic
jet or not. This is illustrated in Figure 1.4, which shows the SED of different types of AGN, together
with the SED of a normal galaxy in comparison.

Radio
A
Narraw line
radio galaxies BL Lacs
Broad line 3,fil;ica:[’y
dio galaxi iolently
oo EEG e Variables
(OVVs)
Variability
Seyfért 2
ESey ert 1

/

Emission line width

Figure 1.3: Different classes of AGN depending on their radio visibility, variability and emission line
width. Figure closely adapted from (Krolik, 1999).

1.1 Subclasses of active galactic nuclei

Distinctions between subclasses of AGNs are made between variability, emission line width and vis-

ibility in the radio as is illustrated in Figure 1.3. We explain the subclasses of AGN below.
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1.1.1 Quasars

Quasars, also called quasi-stellar radio sources, are the most luminous AGN with an absolute magni-
tude of My < —21.5 + 5log hy (Peterson, 1997), where Hy, = 100 hy km s~! Mpc™! (Croton, 2013).
Quasars have an unobscured view on the central nucleus . If the observer is positioned on the side
of a relativistic jet, the quasar is radio-loud. Otherwise, the quasar is radio-quiet. A typical SED is

shown in Figure 1.4. Quasars are explained in detail in Chapter 2.

1.1.2 Seyfert galaxies

Seyfert galaxies are less luminous compared to quasars, having an absolute magnitude of My >
-21.5 + 5log hy (Peterson, 1997). They are often found in spiral galaxies. Due to their lower lu-
minosity and lower redshift, the host galaxy is still visible. In Seyfert 1 galaxies, the view to the
centre is again unobscured and hence both broad and narrow emission lines are visible in their SED.
For Seyfert 2 galaxies, this view is obscured by the torus, which consequently hides the broad line
region and only shows the narrow emission lines. This can be seen in the top right in Figure 1.4.
While the narrow emission lines correspond to a low-density ionized gas with electron densities of
n, ~ 10° — 10° cm™3, the broad emission lines correspond to a high-density ionized gas with electron
densities of n, > 10° cm™ (Beckmann & Shrader, 2012).

1.1.3 Radio galaxies

Radio galaxies are radio bright. Compared to Seyfert galaxies, radio galaxies are often found in
elliptical galaxies (Peterson, 1997). Broad line radio galaxies (BLRG) and narrow line radio galaxies
(NLRG) have analogous properties to Seyfert galaxies of type 1 and 2, but are radio-loud instead. The

jets of radio galaxies are larger than those of radio-loud quasars (Barthel, 1989).

1.1.4 Blazars

Blazars include optically violent variables (OVVs) and BL Lacertae objects (BL Lacs). Here, the
observer is in the line of sight of the jet, which makes blazars highly variable, highly polarized and
radio-loud (Fan, 2002). OVVs have a polarisation fraction of > 2% due to the synchrotron self-
Compton (SSC) mechanism (Haardt & Maraschi, 1993; Peterson, 1997; Krolik, 1999). BL Lacs also
exhibit a high polarisation fraction of 5 — 10% (Hovatta et al., 2016). In comparison, most AGNs are
weakly linearly polarized with a percentage of ~ 0.5 — 2% that is slightly above that of stars (Krolik,

1999). BL Lacs have a featureless continuum since the emission in the jet is strongly beamed (Xie
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etal., 1993). This is shown in the BL Lac spectrum in the top left of Figure 1.4, where neither strong

emission nor absorption lines are visible.

1.2 Observational properties

1.2.1 Continuum and emission lines

The majority of AGN show a broad-band continuum from IR to X-Rays (Krolik, 1999). They further
have strong emission lines covering a wide range of ionization. One of the most prominent emission
lines seen in their spectra are hydrogen lines from the Lyman and Balmer series, most notably Ly a.
Further strong emission lines include C IV, Fe Ka and Mg II (Schmidt, 1969). Some of these are very
broad that suggest velocities up to ~ 10* km s™' (Matthews et al., 1964; Krolik, 1999). The widths of
the emission lines can be used to constrain the radius of the nuclei to be approximately 1 pc to 100 pc
(Peterson, 1997). The full-width-half-maximum (FWHM) of the Mg II line together with the quasar’s
luminosity can also be used to obtain the mass of the black hole (Vestergaard & Osmer, 2009). The
continuum can trace AGN feedback which defines the effect an AGN has on its host galaxy (Elvis,

2000). This feedback constrains the maximum mass a galaxy can have (Di Matteo et al., 2005).

1.2.2 Polarization and variability

Most AGNs are weakly linearly polarized with a percentage of ~ 0.5 — 2% that is slightly above that
of stars (Krolik, 1999). Only blazars are strongly polarized, which is due to the Synchrotron self-
Compton mechanism, where photons are inverse-Compton scattered off the electrons that create the
synchrotron radiation (Haardt & Maraschi, 1993; Peterson, 1997).

AGNs show variability in their luminosity that is typically 10% over a range of several years, but can
have larger amplitudes over the course of a few hours as well. This depends on the luminosity of the
AGN and the wavelength range. In general, the shorter the wavelength, the greater the amplitude of
variability (Krolik, 1999). High variability implies that the emitting source must be smaller than a
few light days. X-rays thus show rapid variations. The variability in the UV and optical is in phase,
whereas the one in the IR is not (Peterson, 1997). This is explained by a difference in size and distance
of the emitting regions between the UV/optical variability and the IR variability. The IR radiation is
mostly due to the dust at large distances of » ~ 1 pc, whereas the emission in UV and the optical
originate from the central compact source (Peterson, 1997). For the broad line regions, the highest
ionization lines vary the most rapidly compared to the continuum variability as they are the lines

closest in to continuum source.
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1.3 Physical properties

1.3.1 Accretion disk

The fueling mechanism of AGNs is due to a deep gravitational potential well from their SMBH that
converts potential energy from the infalling matter into kinetic energy (Robson, 1996; Elvis, 2000).
This causes an accretion disk to form, which is a rotational support for the infalling matter (Shakura &
Sunyaev, 1973). The disk in its simplest form is optically thick and geometrically thin (Kolykhalov &
Sunyaev, 1984). Dissipative processes such as viscosity cause the matter to lose angular momentum
that is transported outwards. A vast amount of energy is released in terms of heat or magnetic fields
(Urry & Padovani, 1995). This is radiated away in the UV and soft X-ray wavelengths. In the vicinity
of the black hole hard X-rays are produced. The accreted material can reach temperatures greater
than that of hot stars with 7,,,, « LbolM;}{/ 2 (Novikov & Thorne, 1973). The temperatrues range from
3x10* K to 3 x 10° K (Koratkar & Blaes, 1999).

The SMBH can be seen as having two phases - the first phase is the AGN phase, that is, when they
are actively accreting. In this phase they gain most of their mass (Elvis, 2000). The second phase is
the inactive phase, when the AGN has been shut down and no more accreting occurs. Most of the
mass that forms the accretion disk is baryonic, and only ~ 10% is coming from dark matter (Peirani
& de Freitas Pacheco, 2008; Soltan, 1982). The latter does not contribute to the luminosity of the
quasar as no electromagnetic emission occurs when dark matter is accreted. A source of baryonic
matter is given by gas and dust of the interstellar medium, and also by infalling stars. Stars need to
be tidally disrupted in order to fuel the accretion disk (Peterson, 1997). The maximum radius a star
can approach the black hole without being tidally disrupted is given by the Roche limit. In order
for the gas of a star to become part of the accretion disk, this Roche limit has to be larger than the
Schwarzschild radius of the black hole. This is because otherwise the star ends up increasing the mass
of the black hole instead, which releases gravitational radiation instead of electromagnetic radiation.
This gives (Peterson, 1997)

Mgy < 5% 108712 M,, (1.1)

where p, the density of the star. In general, the first objects that will be fully consumed are stars with

low angular momentum (Lynden-Bell, 1969).

1.3.2 Thermal emission

Thermal emission in AGN can arise from blackbody radiation and free-free emission. The former
is due to the accretion disk and the latter originates from the ionized hydrogen (HII or H) regions.

Although free-free emission is usually non-thermal, it can be thermal as well. Here, the HII region is
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in local thermodynamic equilibrium and hence the free electrons are as well.
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Figure 1.5: Blackbody SED for different absolute temperatures. As the temperature increases, the
height of the peak decreases. Figure taken from Vagabond (2013).

1.3.2.1 Blackbody radiation

A blackbody emits thermal radiation which is isotropic, unpolarized and independent of its shape
(Giancoli, 2000). A blackbody absorbs all radiation that falls onto it and therefore has a high optical
depth. At the same time, it emits over all wavelengths. A peak is seen at a wavelength that corre-
sponds to its thermal equilibrium temperature 7,. This wavelength can be calculated from Wien’s
displacement law,

Aax To ~ 2.8983mK. (1.2)

Stars are examples of approximate blackbodies. Blackbody emission is given by Planck’s law (Planck,

1991)

2hv? 1
B,(v,T,) = ;/ s (1.3)

¢ eXp(kZlyn)_l

where T, the absolute temperature of the blackbody, kp the Boltzmann constant, 4 the Planck constant,

v the frequency and c the speed of light. It has units of W m™2 sr™! m!.

1.3.2.2 Radio emission

A UV photon from the central nucleus photoionizes a neutral hydrogen atom such that it loses its
electron and turns into the positively charged HII. These HII regions then emit thermally in the radio
via the free-free process arising from the interaction between the negatively charged electron and the

positively charged HII.
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1.3.3 High-energy emission

High-energy processes are non-thermal. This includes synchrotron radiation and Compton processes.
The X-ray continuum of quasars can be seen in Figure 2.1. The energy flux of such high energy
processes is given by a power-law,

F,=Cv™ =cCcv™, (1.4)

where I' = @ + 1 the photon index compared to the energy index « (Peterson, 1997).

1.3.3.1 Synchrotron radiation

The non-thermal ejection in the radio bands comes from the synchrotron mechanism arising from the
presence of a magnetic field around the black hole. This magnetic field interacts with a relativistic
electron (Robson, 1996). The frequency of emission of the relativistic electron that spirals within the

magnetic field is given by
Be

- 2mrm

Y, (1.5)

Vs

where y the relativistic factor, B the magnetic field strength and e, m the charge and mass of the
electron. Emission occurs in the radio wavelengths and is highly directed along the forward direction
of the electron. The electron loses energy proportional to (B - E)?, where E the energy of the electron.
Therefore, the greater the magnetic field strength and the greater the energy of the electron, the shorter

the radiative lifetime of the electron.

1.3.3.2 Compton processes

Compton and Thomson scattering involve an interaction between a photon and an electron, where one
of them is of high energy and the other of low-energy (Robson, 1996). This is illustrated in Figure 1.6.
In Compton scattering, the photon is of high energy and the electron has low energy. The electron then
gains energy from the incident photon. The photon changes its wavelength upon losing energy and
scatters at an angle proportional to that energy loss. For Thomson (inverse Compton) scattering this
process is reversed, where the incoming photon is of low energy and gains energy from the incoming

electron. The relation for both processes is given by
A, - A =2 Ac sin® (g) (1.6)

where 4; and A, the wavelength of the incident and scattered photon, ¢ the angle at which the photon

has been scattered and A¢ = h/(m,.c) the Compton wavelength.

Emission due to Compton scattering acts like a cooling process for the photons and is present in

the accretion disks of AGN. Photons arising from synchrotron radiation scatter electrons to higher
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incident photon b
NN :

target electron

) scattered electron

Figure 1.6: Compton scattering. An incoming photon of wavelength A; collides with a lower-energy
stationary electron and scatters off at an angle ¢. As it loses some of its energy to the electron, the
scattered photon has a longer wavelength A; > A,.The electron gains energy from the incident photon,
and scatters off at an angle 6. Figure taken from Venugopal & Bhagdikar (2012).

energies via Compton scattering. The maximum temperature of these electrons is ~ 102 K (Robson,
1996). At some point inverse Compton scattering kicks in that acts as a cooling mechanism for the
electrons. This point occurs when electrons of high energies upscatter their own synchrotron photons.
These high-energy photons can then easily escape. The spectrum of inverse Compton scattering has

the same shape as that of synchrotron radiation, but is shifted to higher frequencies.

1.3.3.3 Fluorescence

Fluorescence defines a process where a photon is absorbed and re-emitted at a different energy. A
high energy photon is absorbed to raise a low-energy electron to a much higher level. This causes an
electron at a lower orbital to fall to the original low-energy level of the electron while re-emitting at
that energy difference. For example, take an electron that is raised from energy level E; to level E,4
by absorbing an incoming high-energy X-ray photon. Since now the ground state is not occupied, an
electron at energy Ej; falls to level E; while emitting a photon of energy E; — E;. In AGN this happens
due to an optically thick accretion disk in the vicinity of a black hole (Reynolds, 1999). The cooler
regions of the disk get illuminated by hard X-rays from the accretion disk corona. The reprocessing

of the primary X-ray continuum then causes emission lines to form.
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Quasars

Quasars are among the most luminous objects in the universe. Having luminosities of 10" — 10" Lg
(Peterson, 1997), quasars can be detected at large distances of redshifts z > 6.5 and are thus seen
as they were in the first billion years after the Big Bang and beyond (Mortlock et al., 2011; Bafiados
etal., 2018; Yang et al., 2020; Wang et al., 2021). They act as background searchlights of the Universe,
which let us trace the epoch of reionization and the black hole mass evolution (Weedman, 1986; Loeb
& Barkana, 2001; McLure & Dunlop, 2004; Mortlock, 2016).

They can outshine their entire host galaxy, which gives them a point-like stellar appearance. At the
same time, quasars are constrained to a small volume of ~ 2 AU no larger than the size of our solar
system (Elvis, 2010; Lynden-Bell, 1969). They can have winds and jets that are larger than the extent
of their host galaxy. Quasars are variable across their entire spectrum and on scales of a day to several
years (Smith & Hoffleit, 1963; van den Bergh et al., 1973; Vanden Berk et al., 2004; Meusinger et al.,
2011; MacLeod et al., 2012). This variability typically can affect the magnitude by 0.3 — 0.5 mag
(Peterson, 1997).

The first quasar, 3C 273, was discovered by Maarten Schmidt in 1963 (Schmidt, 1963). It has an
absolute magnitude of M = —26.7, which corresponds to a luminosity of about L ~ 10'?L,. It was
first discovered in the radio and was later found to have a star-like optical source (Hazard et al.,
1963). The term quasar actually is a short-hand form for quasi-stellar-radio-source. In fact, many of
the initially discovered quasars were radio-loud quasars, even though they only make up 5 — 10% of
all quasars (Krolik, 1999). This might be partly due to the fact that AGN and star forming galaxies
(SFGs) together make up the majority of sources that are bright in the radio, with SFGs still being
fainter than AGN (Padovani et al., 2017). Quasars therefore do not have too many contaminants in
that wavelength regime. In contrast, quasars that have been optically selected typically have radio to
UV/optical emission ratio of 1072 and thus are radio-quiet quasars. Contaminants in the optical are

stars with a flux peak that coincides with the redshifted Lyman-alpha emission line.

11
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Figure 2.1: Rest-frame SED of quasars. The total SED is shown in black. Its components are shown
in different dashed colour curves. Emission due to the accretion disk mostly occurs in the optical and
UV. Emission in the IR arises from the dusty torus. Figure taken from Inoue et al. (2021).

2.1 Spectral energy distribution

The spectral energy distribution of quasars cannot be described via blackbody emission alone. This
is due to the fact that not all of its radiation is of thermal origin. Only the UV and optical can be

approximated by a ‘sum of black bodies’ due to their thermal origin (Elvis, 2000).

The quasar continuum is illustrated in Figure 2.1 and the rest-frame spectrum with emission lines
can be seen in Figure 2.2. The thermal part of the continuum can be seen as the blue dashed line in
Figure 2.1. Thermal emission in AGN can arise from blackbody radiation and free-free emission. The
former is due to the accretion disk and the latter originates from the ionized hydrogen HII regions. The
flux between the IR and X-rays is nearly constant, which indicates a high-energy source of radiation.

High-energy processes are non-thermal. This includes synchrotron radiation and Compton processes.

There is a strong UV excess due to emission from the accretion disk. In addition there is some soft
X-ray excess, which together forms the big blue bump (BBB). There is another bump in the infrared
arising from the dusty torus. The radio emission depends on the radio-loudness of the quasar. The X-
ray emission mostly arises from the magnetized corona above the disk and from Compton reflection
(Koratkar & Blaes, 1999).

As a crude first approximation, the SED of the quasar continuum can be described by a power law



2.1. Spectral energy distribution 13

Lya+N V

| FOS Quasar Spectrum

Q
=
1

0 VI+Lyg

+ Q III+N III ?

Ne VIII
<~0I?
Si IV+0 V]

C NI]+AL III

Relative Flux (F,)

0.8 _ - - - - - - -

1 1 I I 1 1
400 600 800 1000 2000 3000

Rest—frame Wavelength (A)

Figure 2.2: Composite HST FOS rest-frame spectrum of 101 quasars with redshifts z > 0.33. Figure
taken from Zheng et al. (1997).

(Peterson, 1997). The specific flux F, per unit frequency interval is then given by
F,=Cv, 2.1

where v the frequency, @ € R the power-law index and C € R" a constant of proportionality. For
AGNSs, the power-law index is typically positive and in the range of @ € [0, 1], meaning that the
specific flux F, decreases as the frequency v increases. A single power law is typically a good ap-
proximation for the optical continuum. A more accurate prediction can be made by using several
power-law fits over different wavelength ranges. The optical/UV continuum has a power-law index of
a =~ (.32 for radio-quiet quasars (Francis et al., 1991), and the UV slope has @ ~ 0.99 (Zheng et al.,
1997).

2.1.1 Big blue bump

The big blue bump describes the peak in the optical-UV and soft X-rays. The BBB can be seen in
Figure 2.1 in the optical-UV and decreasing towards the soft X-rays. It is of thermal origin, due to
the radiation from an optically thick accretion disk. It can reach temperatures of about ~ 10°*! K
(Peterson, 1997).
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2.1.2 X-ray

Quasars frequently have a much larger X-ray to optical flux ratio than any other astronomical object
(Krolik, 1999). They can show high flux variabilities of a few hours in the X-rays, which implies that
the region from where X-rays are emitted must be small (McHardy, 1989). X-ray emission arises
from the up-scattering of photons from the accretion disk via inverse Compton scattering by free
electrons in the corona (Peterson, 1997). UV-optical photons from cool regions of the optically thick
accretion disk are inverse Compton scattered off relativistic electrons in the hot corona to heat up the
denser layers. At the same time, they provide a cooling mechanism for the hot electrons within the
corona (Haardt & Maraschi, 1993).

Power-Law

Component
Thermal \‘/
Component Corona  Reflection
\\\ \(Component
\ }
Accretion Disk Black Hole |
\ /
PSS

Figure 2.3: Illustration of the AGN’s black hole in black, the accretion disk in grey and the hot corona
in yellow. (red) The cool accretion disk emits thermal photons via blackbody radiation. (blue) The hot
corona produces power-law X-ray emission via inverse Compton scattering from the incoming low-
energy UV/optical photons from the accretion disk and the high-energy electrons in the hot corona.
(green) The emitting high-energy photons from the corona are further reflected off the accretion disk.
Figure taken from Bambi (2018).

Due to the non-thermal emission, the continuum forms a power-law in the X-rays. Compton reflec-
tion and fluorescence causes a reflection hump and Ko metal emission lines to form in the X-rays
(Reynolds, 1999). Both features arise from fluorescence in the disk that is illuminated by X-rays.
That is, X-ray photons from the hot corona get reflected by the accretion disk. This is illustrated in
Figure 2.3. The effect depends on the inclination angle of the accretion disk. The Ka metal emission
lines arise from the most abundant metals in the inner regions of the accretion disk. The strongest
metal emission line is iron Fe Ka at Er, = 6.4 keV and it is highly broadened. The reflection hump
forms at energies > 10 keV peaking around ~ 30 keV (Koratkar & Blaes, 1999; Nandra et al., 1991).
The peak in the reflection mechanism at the Fe Ka emission line can be seen within the dashed green

line in the hard X-rays in Figure 2.1.
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2.1.3 IR bump

The bump at wavelengths from ~ 1 um to ~ 100 um is called the IR bump (Koratkar & Blaes,
1999). It is mostly due to dust emission that is reprocessing of the emission from the BBB. A local
minimum can be seen at around ~ 1 um. This wavelength corresponds to the sublimation temperature
T, ~ 1800 — 2000 K of dust. The dust mostly consists of graphite due to its higher sublimation
temperature to silicate. The sublimation radius r; ~ 1 pc is the boundary between the hot thermal
spectrum of the big blue bump and a cool thermal spectrum arising from the emission of dust grains
(Peterson, 1997). Inside that radius the dust grains are destroyed by evaporation from the UV emission
(Barvainis, 1987). The cooler dust grains outside r, are responsible for emissions longwards of ~ 2
pum. The temperatures go down to =~ 50 — 60 K in the far-infrared (Wang et al., 2008). The dust
absorbs some of the UV radiation and re-radiates isotropically in the infrared (Robson, 1996). The
dust grains are semi-opaque and therefore not perfect blackbodies, causing emission in the Rayleigh-

Jeans region.

2.1.4 Radio continuum

In contrast to the UV wavelengths, the radio emission is of non-thermal origin due to synchrotron
radiation. The radio source can be extended or compact. An extended radio source often consists
of two lobes that are optically thin. They often contain a relativistic jet on one side. Such AGN
show a steep (@ ~ —0.8) radio spectrum (Robson, 1996; Kimball & Ivezic, 2007) and are radio-
loud. They have a radio-to-optical flux emission of Fsgy,/Fp = 10, where the B-magnitude has an
effecive wavelength =~ 4400A (Schmidt & Green, 1983; Kellermann et al., 1989). A compact radio
source is optically thick and can often not be resolved. It is radio-quiet and does not contain any jets.

Radio-quiet quasars show a flat (@ ~ 0) radio spectrum (Padovani et al., 2017).

The first detected quasars were initially discovered in the radio (Matthews & Sandage, 1963; Sandage
& Wyndham, 1965; Schmidt, 1969). Up to 20% of observed quasars are radio-loud. The actual
number of radio-loud quasars is much smaller, going down to predictions of less than 1% (Wilson &
Colbert, 1995; Kellermann et al., 1989; Krolik, 1999; Padovani, 2011; Padovani et al., 2017).

Radio-quiet quasars often still have some radio emission (Beckmann & Shrader, 2012). The ratio
between absolute and relative radio power is given by R = fﬁﬁ’ where R ~ 10? — 10’ for radio-loud
quasars and R < 0.1 — 10 for radio-quiet quasars (Laor & Behar, 2008). Some radio-quiet quasars
have also been found to have transitioned to radio-loud quasars (Nyland et al., 2020). The source of
radio emission in radio-quiet quasars is still up for debate (Herrera Ruiz et al., 2016). At least some
of the emission arises from non-thermal activity from the nucleus, while other emission arises from

star-forming processes within the host galaxy (Padovani et al., 2011).
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2.1.5 Broad line region

Broad emission lines are lines that have been Doppler broadened (Peterson, 1997). As such one can
infer the velocities of the components that have led to the emission. In the BLR, these correpond to
velocities of 10° — 10* km s~ (Beckmann & Shrader, 2012). The broad line region (BLR) is close to
the central nucleus, with a distance of ~ 1 pc (Robson, 1996). The BLR is hence a useful tracer of

the central source.

The rest-frame spectrum for the quasars of Sloan Digital Sky Survey (SDSS) is illustrated in Figure
2.2. One can see that the most prominent emission lines are the hydrogen emission lines Lya (2 — 1),
Ha (3 — 2) and HB (4 — 2), the elements carbon C IV, C III, magnesium Mg II, the ‘forbidden’
oxygen O III line and iron Fe Ka (Weedman, 1986; Peterson, 1997). One can infer the redshift of
a quasar from these strong characteristic emission lines. These emission line features stay nearly
constant over a range of 7 orders of magnitude in luminosity and 13 Gyr of time, which would imply
that the SMBH scales with luminosity (Koratkar & Blaes, 1999; Elvis, 2000).

One can compare the strengths of different emission lines via the equivalent width, which is defined

as (Peterson, 1997)
F()(/l) - FL(/l)
W,= | ——————dA, 2.2
! f F.(A) &2
where F,(A1) the observed flux and F.(1) the continuum flux at wavelength A. It has units of length

and therefore can be interpreted as a width.

2.1.6 Narrow line region

The narrow line region (NLR) is a region of clouds that is further away from the nucleus than the
BLR, at a distance of about ~ 10 pc to ~ 1 kpc (Robson, 1996). Since they are further away from
the nucleus than the BLR, their line widths are narrower, with velocities of a few hundred km s™!
(Beckmann & Shrader, 2012). The BLR and NLR can be separated by the sublimation radius of dust.
One can have forbidden lines in the NLR. This is not the case for the BLR, since its high electron
densities lead to the collisional suppression of forbidden lines (Peterson, 1997). An example of a

narrow emission line is the twice-ionized oxygen [O III] (forbidden) 45007.

2.2 Absorption lines due to intervening matter

Absorption lines occur when there is an absorbing material between the source and the observer. This
is illustrated in Figure 2.4. The lines are located at discrete frequencies that allow to capture the

molecular composition of the absorbing material. This stems from quantum mechanics, which states
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Figure 2.4: Absorption and emission lines. (left) A blackbody light source emits a continuous black-
body spectrum. (middle) A cool gas in front of a hot blackbody creates an absorption line. (right) A
hot gas in front of a cool background emits an emission line. Figure taken from Strobel (2014).

that an atom or molecule can absorb a photon at given energy intervals. The allowed energies are
those that correspond to the difference between two energy levels, as is shown in Figure 2.5. Note
that the electron must be bound to an atom for emission lines to form. In contrast, free electrons can

have continuum (non-quantized) energies, which cause the continuum emission (Robson, 1996).

Figure 2.5: Photons can excite electrons into higher energy states. For that to happen the photon’s
energy must be equal to the difference in energy between two levels. The greater the energy difference,
the higher the frequency of the photon. (red) The incoming photon promotes the electron from energy
level 1 to level 2. The photon’s energy equals AE, — AE,. (green) The electron gets excited to level 3
from level 1. (blue) The incoming photon promotes the electron to level 4 from level 1. The energy
of this photon will be greater than that of the photon in the red case. Figure taken from Swinburne
Astronomy Online (2008).

The spectra of high-redshift quasars show many absorption lines. These probe the intergalactic

medium (IGM) and baryonic matter, and give evidence to their existence (Rauch, 2000).

2.2.1 Lyman-alpha absorption

The Lya hydrogen emission line at Ay = 1215.67 A is the most distinct feature in the spectrum of
quasars. It corresponds to an electron in an hydrogen atom that falls from energy level 2 to energy
level 1. The Lyman series defines the emission line spectra that arise from a hydrogen atom whose
electron falls from orbital n > 2 to orbital n = 1. This can be seen in Figure 2.6. The rest-frame
wavelength of the Lya emission line lies in the UV range. This ultraviolet light coming from the

quasar then travels through space, while it gets redshifted on its way towards us. Every time the
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Figure 2.6: The Lyman series is the hydrogen spectral series where electrons fall towards the lowest
energy level. It starts from 2 — 1 defined by @ and goes up to the Lyman limit, which corresponds to
the orbitals co — 1. Figure taken from Wikipedia contributors.
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Figure 2.7: Spectra of (top) 3C 273 at z = 0.158 and (bottom) 142242309 at z = 3.62. Lya absorption
lines are discernible bluewards from the Ly « in the rest-frame of the quasar. The spectrum of the low-
redshift quasar 3C 273 shows only a few absorption lines, while the higher redshift quasar 1422+2309
shows so many sharp absorption lines that there seems to be as much absorption as emission. Figure
taken from Wright (2004); Keel (2002b).

light encounters a region of neutral hydrogen (HI), an absorption line is formed at the respective
redshifted Ly line. This suppresses its emission at that wavelength. The denser these regions, the

more absorption lines occur. The wavelengths of these absorption lines can be calculated via

/lobs = /lrest (1 + Zabs), (23)

where z,,s the redshift of the absorbing gas cloud, 4., the wavelength as seen from the observer and
Arest the rest-frame wavelength. Since Zgps < Zquasar, ON€ has Agps < Aguasar and thus the absorption
occurs bluewards of the Lya emission line. The spectrum then ranges from a Lyman-alpha forest
with a few absorption lines towards a Gunn-Peterson trough, where almost everything is absorbed
from the redshift of the quasar to the redshift of reionisation (Gunn & Peterson, 1965; Rauch, 1998;
Haiman, 2002). This can be seen in Figure 2.7 for redshifts z = 0.158 and z = 3.62. Figure 2.8
illustrates that with the spectrum of a z = 6.13 quasar. Comparing these three spectra shows how the

absorption increases with redshift.
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Figure 2.8: Spectrum of ULAS J1319+0959 of redshift z = 6.13. One can clearly see the redshifted
Lya emission line and the Lya forest bluewards of it. Figure taken from Becker et al. (2015).
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Figure 2.9: Cross section of neutral hydrogen. Figure taken from Mortlock (2016).

2.2.2 Scattering cross section of neutral hydrogen

The scattering cross section of neutral hydrogen is primarily given by Rayleigh scattering, Raman

scattering and photoionization (Mortlock, 2016). This is illustrated in Figure 2.9.

2.2.2.1 Rayleigh scattering

Rayleigh scattering corresponds to elastic scattering, where energy is conserved. The incoming pho-
ton excites an electron to a higher energy virtual state and then drops back to the ground state causing

a photon of the same energy to be emitted.

Rayleigh scattering explains the natural line broadening as a damped harmonic oscillator (Bach &



20 Chapter 2. Quasars

Lee, 2015),

V4

, 24
(2 = v2)2 + 22 (24)

ocv)=or

where v the frequency of the incoming photon, v, the resonance frequency, o7 the Thomson cross
section and vy the damping constant. The damping constant reflects the excited states plus the fine
structure splitting (Rohrmann & Rueda, 2022). In the low frequency limit the cross section is pro-
portional to v*. For v = v, close to the resonance, this can be modeled by a Lorentzian function. In
general, a Lorentzian profile is an excellent approximation of the cross section in the vicinity of the

line centre, even though it is an overestimation at off-centre.

For damped Ly« systems the cross section is given by the Voigt profile (Rybicki & Lightman, 1979).
It has a similar shape to the Lorentzian in the wings but is Gaussian near the peak.

2.2.2.2 Raman scattering

Raman scattering is inelastic, which means that the incoming photon experiences a shift in frequency.
This implies that energy is either gained or lost. The incoming photon excites the electron to a higher
energy states after which the electron falls to a lower energy state different to the ground state. The
photon can excite vibrational and rotational modes of the atom. For example, an incoming photon of
wavelength LyS (1 < 3) causes an electron to be pushed from the ground state to 3s, after which the
electron falls into the 2s state and a Ha (2 < 3) photon is emitted. This scattered Ha photon is of

lower energy compared to the incoming LygS photon.

2.2.2.3 Photoionization

Photoionization is the interaction between a high-energy photon and an atom, in which the photon
removes one or more electrons of that atom. In this case, a UV photon kicks out the electron of the
hydrogen atom, which forms HII. The energy that is needed to ionize hydrogen is > 13.6 eV, which in
turn corresponds to UV wavelengths of < 912 A (Madau & Rees, 2000). The photoionization cross-
section for neutral hydrogen increases as ~ A* and has its maximum at 912 A (Osterbrock, 2006).
At larger wavelengths, the cross section is zero since those wavelengths correspond to energies lower
than 13.6 eV.

2.3 Quasars in the early universe

Quasars are one of the most distant objects in the Universe. The higher the redshift of the quasar, the
further into the distant past one can look. The measured spectra allow us to probe the evolution of the

neutral hydrogen content and properties of the quasars themselves.
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We would like to gain more information of the first billion years after the Big Bang (z > 6.5) since this
is a period that is rather unobserved. This is due to the fact that either sources at such high redshifts
are too faint to be observed (e.g. galaxies), or they are sufficiently bright only over a small period of
time (e.g. gamma ray bursts) (Mortlock et al., 2012). Quasars, however, have high luminosities over
a long period of time, which allows them to be observed at significant look-back times. A plot of
redshift vs. lookback time can be seen in Figure 2.10. The most distant quasars are further the most
luminous ones, which can be seen in Figure 2.11. It should be noted that in a flux-limited survey, two
sources with the same observed flux can be at different redshifts. Hence, at large distances one can

only find the most luminous quasars, as the less luminous ones would fall below the observable flux

limit.
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Figure 2.10: (left) Redshift vs lookback time, (right) redshift vs age of the Universe for different com-
binations of ), and Q,. Our universe is predicted to have Q,, ~ 0.3, Q, =~ 0.7, which corresponds
to the green curve. Figure taken from Mihos (2018).

2.3.1 Cosmological probes

The spectra of high-redshift quasars can be used to identify the properties of the intervening matter
due to arising absorption and emission lines. As such, they act like background searchlights of the
universe (Weedman, 1986). Hence, high-redshift quasars allow us to deduce the epoch of reionisation

and to put constraints on the early growth of SMBHs and baryonic matter (Fan et al., 2019).

2.3.1.1 Epoch of reionisation

As we have seen in Section 2.2, quasars can be used to trace properties of the IGM. Looking at the

absorption bluewards of the Ly« emission line, one can constrain the reionization redshift.



22 Chapter 2. Quasars

Total Quasars: 2204
z = 1.253

median

o
o
T
|

Number of Quasars

w
o
— T
1

Absolute Magnitude, M.

PR RS NSRS B S SR BRSS!
0 1 2 3 4
Redshift, z

o

Figure 2.11: Redshift distribution of 2204 SDSS quasars. (top) redshift vs. number of quasars.
(bottom) redshift vs. absolute magnitude. This shows that the most luminous quasars are also the
most distant ones. Moreover, there is a peak in the quasar distribution at z ~ 2, after which it decreases
drastically. Figure taken from Vanden Berk et al. (2001).

A technique for obtaining the neutral hydrogen fraction that is more sensitive to higher optical depths
can be obtained by calculating the Ly red damping wing and the ionized near-zone sizes (Strom-
gren sphere) around quasars (Miralda-Escudé, 1998; Shapiro & Giroux, 1987). This can be used for
measuring neutral hydrogen fractions above 1072 (Carilli et al., 2010).

The HII regions that surround quasars are also called Stromgen spheres. At redshift z ~ 8, these
already can have radii of ~ 10 Mpc, going up to ~ 20 Mpc around z ~ 6.5; and growing to infinity
at the end of the epoch of reionization at z ~ 6 (Alvarez & Abel, 2007). The size of the Stromgen
sphere can be inferred by looking at the profile of the Lyman-alpha emission line (Cen & Haiman,
2000). The Lyman-alpha photons are less likely to be absorbed in HII regions compared to HI in the
IGM, since HII has lost its electron and so cannot absorb an incoming photon.

At redshifts z < 6 the IGM was mostly ionized, showing a low neutral hydrogen fraction ny;. The
quasars discovered at z = 7.54 (Banados et al., 2018) and z = 7.085 (Mortlock et al., 2011) showed a
red damping wing implying that ny; was still high at redshifts z > 7. The red damping wing feature
arises from the fact that the Ly« line is scattered off the observer’s line-of-sight due to the diffuse
neutral IGM (Madau & Rees, 2000).

Further, its optical depth is broadened by the natural width of the line and the velocity distribution

of the atoms. The scattering cross section of the Ly « line depends on the natural width of the Ly
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Figure 2.12: Damping wing as expected to show in a high-redshift quasar z > 7 located within
a neutral IGM. (blue) The intrinsic rest-frame spectrum of the quasar in a neutral IGM. (red) The
spectrum as seen from the observer after neutral hydrogen absorption has occured. It takes a high
neutral hydrogen fraction ny; for the damping wing to be seen, compared to the Gunn-Peterson trough,
which only needs a relatively small fraction of ny;. The flux is transmitted within the HII ionized near-
zone regions around the quasar. Figure taken from Willott (2011).

a resonance. This is illustrated in Figure 2.12. One can see the ionized near-zone of the quasar and
the damping wing beyond this zone. Both HII regions and red damping wings are sensitive to high
neutral hydrogen fractions ny;, making these features typical for high-redshift quasars z > 7 when the
IGM still had a high neutral hydrogen fraction of ny; > 0.1. This is in contrast to the Gunn-Peterson
trough, which only needs a relatively small fraction of ny; to be present in the observed spectrum. The
greater the radius of the Stromgren sphere, the weaker the absorption in the damping wing redward
of the Lya line (Mesinger & Furlanetto, 2008). Gamma-ray burst afterglows are even more useful
compared to quasars to analyse the red damping wing and therefore the neutral hydrogen fraction
(Totani et al., 2014). This is because one can model their non-thermal synchrotron spectrum via a
simple power law. In addition, due to their short lifetime, their radiation has little to no effect on the
hydrogen ionization fraction. By fitting a neutral hydrogen absorption model on top of the power law
to the observed spectrum, Totani et al. (2014) found that the end of the epoch of reionisation might

not have yet been completed by z ~ 6.

The period of reionisation starts at z ~ 20 and ends around z ~ 6 (Becker et al., 2001; Robertson
et al., 2010; Fan et al., 2006; Ciardi & Ferrara, 2005). During that era the first galaxies and quasars
emerged , whose ionizing radiation caused reionization to start (Zaroubi, 2013). This indicates that the
IGM was reionized inhomogeneously. Note that although the UV radiation from quasars is extremely
powerful, quasars themselves are not responsible for the most part of reionization (Shapiro & Giroux,
1987). Further, the contribution of quasars becomes negligible for z > 6 (Mitra et al., 2018). At
z = 6 — 6.6, the quasar contribution to ionization is < 7% (Jiang et al., 2022). Instead, primary
sources of reionization are early type dwarf galaxies and Pop III stars (Wise, 2012; Jeon et al., 2017).

These sources emitted ultraviolet (UV) radiation, most notably the emission of Lya. This high-energy
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radiation was able to ionise the surrounding matter. These ionized bubbles grew until they overlapped
(Arons & Wingert, 1972). Approximately 1 billion years after the Big Bang, the Universe was fully

ionised again.

2.3.1.2 Initial black hole seed mass

Quasars trace the active black hole evolution from which one can infer the number of inactive black
holes so as to get the full population. (Vestergaard & Osmer, 2009). Black holes also play a role in the
evolution of their host galaxies (Di Matteo et al., 2005; Granato et al., 2004). In general, black holes
form from the (partial) collapse of a gas cloud, supermassive star or a dense star cluster (Rees, 1984).
SMBHs of mass ~ 10°M, were already visible after the first billion years of the Big Bang, which
means they must have formed when the Universe was very young (Volonteri, 2010). At this early
stage these seeds could have formed from the collapse of a primordial gas cloud, collisions in Pop III
systems or dynamical processes in > 100M,, stellar clusters (Alister Seguel et al., 2020). Supernovae
explosions of massive stars that were more common in the early Universe lead to black hole remnants.
These seeds then grow by accreting matter or by merging with other black holes, constrained only by
their Eddington luminosity (Willott, 2011). It is not clear at what mass ranges the initial black hole

seeds lie and how they were able to grow at such a quick rate (Fan et al., 2019).

The maximum luminosity a quasar can have for a given SMBH mass to not exceed the inward gravi-

tational force such that |F4| < |Fg4 1s called the Eddington luminosity Lg,, (Peterson, 1997),

drGcm,

Lgqa = —— Mg, (2.5)
or

where G the gravitational constant, ¢ the speed of light, Mgy the mass of the quasar/black hole, m,

the proton mass and o7 the Thomson cross section.

The Eddington accretion rate My, is the maximum amount of accretion that is permitted to sustain
the Eddington luminosity,
(2.6)

where 1 € [0, 1] the efficiency of converting mass into energy with a typical value of n > 0.1 (Yu
& Tremaine, 2002; Davis & Laor, 2011). That is,  defines how much of the mass is released in the

form of radiant energy.
The mass of a quasar’s black hole at time ¢ with initial seed mass M., = M(t = 0) can be calculated
via
t
M(t) = M(0) exp (t_)’ 2.7)
s

where Eddington limited accretion rates is assumed (Volonteri, 2010; Eilers et al., 2020). The time

t is measured from the birth of the quasar, and 75 is the Salpeter time that constitutes the typical
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Figure 2.13: The black hole mass evolution for quasars at z > 7. The tracks are drawn for a radiative
efficiency of 0.1. The seed masses that can be produced by Pop III stars, dense star clusters, and
direct-collapse black holes (DCBH) are shown in the shaded regions. Figure taken from Wang et al.
(2021).

timescale of black hole growth (Salpeter, 1964). It has a value of tg ~ 4.5 x 107 years for radiative
efficiencies of n ~ 0.1 and accretion rates at the Eddington limit. This implies that it takes ¢ =~
In (107) x 4.5 x 107 years > 108 years to grow a SMBH of mass 10° M, that has an initial seed mass
of 100M,. However, such massive black holes are already visible at z ~ 7 (~ 700 million years after

the Big Bang), which indicates that there must be a different explanation for their rapid growth.

One possibility is that the seeds are more massive than initially thought, with M., > 10°M,, (Lodato
& Natarajan, 2006; Habouzit et al., 2017; Johnson & Haardt, 2016; Mezcua, 2017). Such high seeds
of My.q > 10°M,, at z = 40 are necessary to explain the growth of the SMBH observed at the most
distant quasars so far (Bafiados et al., 2018). The black hole growth tracks for quasars at z > 7 can
be seen in Figure 2.13. At z = 30, we see what mass ranges are required and what mechanism could
produce such masses. The minimum seed mass here corresponds to M..q ~ 10’ M, produced either
via dense star clusters or Pop III stars. The seeds cannot be observed directly since we cannot probe
anything that has occured before the CMB.

Another theory states that quasars are accreting at low radiative efficiencies of n < 0.01 — 0.001
(Volonteri, 2010; Trakhtenbrot et al., 2017; Davies et al., 2019b). This would enable SMBHs to have
episodes at super-Eddington accretion rates M > M., (Pacucci et al., 2015; Collin et al., 2002).
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Figure 2.14: The solid line represents the quasar luminosity function at z ~ 6 (Jiang et al., 2016),
which is fitted using the maximum likelihood method. The points represent the binned SDSS lumi-
nosity function, except for the two faintest points which are confirmed quasars (Willott et al., 2010;
Kashikawa et al., 2015). The dotted line represents the QLF with a fixed slope @ = —1.5 (Willott
et al., 2010).

2.3.2 Quasar luminosity function

To obtain an estimate of the number of quasars in the Universe, one first needs to know the number
of quasars for a given absolute magnitude (or luminosity). This is given by the so-called quasar

luminosity function (QLF).

The QLF for z ~ 6 is given by the double power-law fit (Jiang et al., 2016)

9.93 x 107076
1004(-1.9+1)(M+252) 4 [ ()0A(-2.8+1)(M+252)°

O(M,z) = (2.8)
where M the absolute magnitude and z the redshift. It has units of Gpc™ mag™'. The QLF is shown
in Figure 2.14.

The redshift dependence of the QLF is formulated as
D o 10%7, (2.9)

where k proportional to the steepness of the slope. Note that Jiang et al. (2016) used k = —0.7 for
the redshift dependence in the stated QLF above. Wang et al. (2018a) find a redshift dependence of
k =-0.78 £ 0.18 for z ~ 6 — 6.7, which is illustrated on the left side of Figure 2.15 (Fan et al., 2019).
Euclid Collaboration (2019) instead use k = —0.72 for z ~ 6, and up to k = —0.92 for z > 6. This
implies that the number of quasars that can be found in the observable universe declines drastically
after redshift z ~ 5 — 6.
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2.3.2.1 Observed numbers

The space density of quasars of absolute magnitude within [M,, M;] as a function of redshift is then

obtained by integrating the quasar luminosity function over that range,

M>

nop(z) = f O(M)dM. (2.10)
M,

A general approximation gives ng ~ 20h(3) Gpc™? (Blandford et al., 1990). Dead quasars are located at

a distance of ~ 20 Mpc between each other, which resembles the distance between clusers of galaxies

(Lynden-Bell, 1969).

At J ~ 23, there are ~ 2.5 X 1072deg™2 quasars at redshifts z = 7 — 9, compared to ~ 3.6 deg™> MLT
dwarfs and ~ 1.4 x 10° deg~2 ETGs (Euclid Collaboration, 2019). The quasar number density drops
even further at higher redshifts: it is expected that there is only ~ 1 quasar at z ~ 9 with M, < —26
in the observable Universe (Fan et al., 2019).
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Figure 2.15: Left: The higher the redshift z, the less quasars can be observed due to a decreasing
quasar density. The dotted line represents a redshift dependence of k = —0.78. It is assumed that
there exists only ~ 1 HZQ with z > 9 that has a billion solar masses. This will be examinable with
the Nancy Grace Roman Space Telescope (formerly WFIRST) whose launch date is expected to be
no later than May 2027 (Zellem et al., 2022). Right: Number of quasars that can be detected with
surveys in the next decades of given magnitude limits. Figure taken from Fan et al. (2019).

Quasars are found to exist earlier than 1 billion years after the Big Bang (Mortlock et al., 2012).
At z ~ 6 the density of quasars with an absolute magnitude of M,z ~ —26 is given by < 1 Gpc™
(Fan et al., 2019). This implies that there exist only a few hundred quasars at that redshift in the
observable Universe. The number density drops even further at higher redshifts. There exists only

one high-redshift quasar per ~ 200 deg? (Mortlock, 2014).

According to Wang et al. (Wang et al., 2018a), there will be only about 1 single quasar with a billion
solar masses and magnitude M < —26 at a redshift of z £ 9. This leads to the conclusion that the first
quasars formed at a redshift of z = 9 — 10 (Fan et al., 2019). This is illustrated in Figure 2.15.
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As quasars at high redshifts are extremely rare objects, only a handful of quasars have been discovered
at redshift z > 7. Hence, every quasar that is found is important. As the next decadal surveys arrive,
observation of such a quasar will be possible with the Roman Space Telescope whose expected launch
date is set in 2027 (Zellem et al., 2022).

2.4 High redshift quasar surveys

Table 2.2 gives a brief summary of past and upcoming surveys, together with their expected number

of detected high-redshift quasars.

2.4.1 Discovered quasars

The redshift of discovered quasars ranges from z = 0.056 to z = 7.54. Over 500,000 quasars have
been discovered so far, of which half of them are in the redshift range z ~ 2.15 — 3.5 (Paris et al.,
2018). This is in agreement with Figure 2.15. The highest redshift quasars that have been discovered

so far can be seen in Table 2.1.

Quasar Redshift Survey SMBH mass
3 Pan-STARRS, DECaLS, UHS, 04 9
JO313-1806 7.64 VHS, WISE 1.6, X 10° M,

ALLWISE, UKIDSS LAS,

J1342+0928 7.54 DECaLS

7.8f?:3 x 108 M,

DECaLS, Pan-STARRS,

1100742115 | 7.52 1,542 % 10°M,,

UHS, WISE

J1120+0641 | 7.09 UKIDSS LAS, SDSS 20703 x 10°M,

7124340100 | 7.07 HSC 3.3120 % 108 M,
. DECaLS, Pan-STARRS,

J0038°1527 | 7.02 WISE 1.31923 % 10° M,

DES, Pan-STARRS, 1.4+016 5 10 M,

1025270503 | 7.00 WISE, UHS, VHS foie

Table 2.1: The highest redshift quasars found to date (Mortlock et al., 2011; Bafados et al., 2018;
Matsuoka et al., 2019; Wang et al., 2018b; Yang et al., 2019, 2020; Wang et al., 2021).

The surveys that have contributed the most are the United Kingdom Infrared Telescope Infrared Deep
Sky Survey Large Area Survey (UKIDSS LAS), Sloan Digital Sky Survey (SDSS), Hyper Suprime-
Cam Subaru Strategic Program (HSC-SSP), The Dark Energy Camera Legacy Survey (DECaLS), The
Panoramic Survey Telescope and Rapid Response System (Pan-STARRS) and the Wide-field Infrared
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Survey Explorer (WISE). All of these have information in the optical and/ or the NIR wavelength
bands.

SDSS  UKIDSS
Survey LSST Euclid Roman
DRI12 (LAS)

Covered area

14,555 4,000 20,000 15,000 > 1,000
(deg?)
Filter . .
ugri,z YZJHK)| ugnrizY VISY,JH rz,Y,JJHFW
bands
Pixel scale
0.396 0.4 0.2 0.1 0.11
(arcsec)
Depth
z~205 Y~205|Y~22-25 Y,J,H~?240 F129 ~ 28
(mag)
Expected 7z>65: z>65: 7>7: 7>8: 7>8:
Quasars ~ 10 ~ 10 ~ 100 ~ 10 ~ 10

Table 2.2: Comparison of past (SDSS, UKIDSS) and upcoming (LSST, Euclid, Roman) surveys (Fan
et al., 2019; Euclid Collaboration, 2019; Tee et al., 2023). The predictions of the number of detected
quasars stem from using k = —0.78 for the QLF at z > 6 (Wang et al., 2018a).

2.4.2 Upcoming surveys

Table 2.2 and the right plot in Figure 2.15 show the expected number of quasars that might be found at
the magnitude limits of the upcoming surveys LSST, Euclid and the Roman Space Telescope. LSST
will be able to find quasars with z > 7 and Euclid will further increase the redshift limit towards z > 8.
Finally, the Roman Space Telescope will have a total of 8 bands in a wavelength range of 0.48 — 2.30
pm with a magnitude limit of F'129 ~ 28 and F213 ~ 26.2 (NASA, 2021). It therefore will be able to

discover quasars at even higher redshifts, making it possible to probe redshifts z > 9.

Redshift ‘ Predicted quasars in Euclid

T<z<15 > 100
75<7<8.0 ~ 25
z>8 ~Q

Table 2.3: The predicted number of quasars that will be discovered by the Euclid survey in a given
redshift range. Data taken from Euclid Collaboration (2019).

In 2024, Euclid will have its first data release. Euclid will have one visual band VIS and three near-

infrared bands Y, J and H. This will allow the search for quasars at redshifts z > 8. The depth in the
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visual band is VIS = 24.5 and the depth in the near-infrared bands is YJH = 24.0. It is predicted
that Euclid will find of order of 100 quasars at redshift z < 8 and of order 10 at redshift z > 8 (Euclid
Collaboration, 2019). This is summarized in Table 2.3. The goal is to have either LSST or Pan-
STARRS covering the wide survey area. Since these two surveys have optical information as well (z

band), they allow for the search of quasars 7 < z < 7.5.
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Finding high-redshift quasars

Unfortunately, high-redshift quasars remain difficult to find as they are rare and can be confused with
other astronomical sources. Contaminants of quasars at z > 6.5 are low-redshift cool stars such as M
stars and LTY dwarfs with a peak of their SED in the infrared (Warren & Hewett, 2002; Stern et al.,
2007; Wang et al., 2016), and early type galaxies (ETGs) at z = 1 — 2 (Euclid Collaboration, 2019).
Finding high-redshift quasars is hence a true needle-in-a-haystack problem. Fortunately, high-redshift
quasars are observationally distinct from their more numerous contaminants. One wants to sift out as
many contaminants to pin down possible quasars from initially available survey data. In order to do
this, different techniques that test a range of physical properties have to be applied.

This often starts with photometric information in multiple bands from wide surveys in the optical
and/or NIR (Sandage & Wyndham, 1965). This information is then used to try to reconstruct the SED
of a source of interest. If measurements of a source are available over several epochs, then this gives
additional information on the variability (Graham et al., 2014; Peters & Richards, 2015) of the source.

One can further make use of astrometry, which tries to accurately measure the position of stars and
other objects. This involves correcting for several factors that can falsify the result such as atmo-
spheric conditions and imperfections in telescopes. By observing a source over several epochs, one

can then deduce its proper motion.

Finally, morphological analysis on image data gives rise to the general shape of the object. For

instance, it can tell us whether the source is a point source or an extended object.

These methods can be used sequentially. The final pool of candidates should then only contain sources

that resemble high-redshift quasars at z > 6.5.

31
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‘ Proper motion ‘ Compact ‘ Variable ‘ Radio source

MLT dwarf Yes Yes No No
ETG No No No No
AGN No Yes Yes Yes

Table 3.1: Properties of MLT dwarfs, early type galaxies and AGN.

3.1 Distinguishing features of high-redshift quasars from con-

taminants

In the following section we explain the distinguishing features that high-redshift quasars z > 6.5

exhibit compared to other astronomical objects such as stars and galaxies. This is summarised in
Table 3.1.

High-redshift quasars have a distinctive spectral energy distribution that separates them from most
other astronomical objects. However, as spectroscopy is time intensive, we usually have to work
with photometric data instead. In the optical-near-infrared colour space the distinction between high-

redshift quasars and contaminants is still visible but less clear.

Due to the large distances of high-redshift quasars, they appear to be stationary. Further, since they are
able to outshine their host galaxy, they have a star-like appearance. Quasars can be variable from very
short to very long timescales depending on the size of the emitting region. A small subset of quasars
are radio sources as well. We will explain each of these items in detail below. Any combination of
the above characteristics can be applied in the search for high-redshift quasars, but in most cases they

must be used in a sequence which depends on the available data.

3.1.1 Dark in the optical and red in NIR

As explained in Section 2.2.1, the SED of high-redshift quasars shows a Gunn-Peterson trough. This
trough is expected to only show for Lya emitters. Further, as explained in Section 2.1, quasars emit
both thermal and non-thermal radiation. Typically, stars are neither Lya emitters nor do they emit

non-thermal radiation.

Stars are approximate blackbodies and as such follow a (thermal) blackbody distribution. Blackbody
radiation is explained in Section 1.3.2.1, and is illustrated in Figure 1.5. Their SED and peak is mainly
determined by their absolute temperature. Cool stars have a peak in the (near-)infrared whereas hot
stars have their peak in the UV (Warren & Hewett, 2002). At redshifts similar to high-redshift quasars,
the peak of hot stars will have shifted into the NIR as well. However, current technology is not able to
pick up such a faint signal at high redshifts. Therefore, the contaminants for high-redshift quasars are

cool stars located in our galaxy. An example of such contaminants are M stars and LTY dwarfs with a
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Figure 3.1: Spectral energy distribution of a quasar redshifted to z = 6,7, 8 together with the trans-
mission of the SDSS (u, g, r, i, z) and UKIDSS LAS (Y, J, H, K) filters. The higher the redshift of the
quasar, the more the Lya emission line shifts towards the infrared. Figure adapted from Mortlock

(2014).
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Figure 3.2: The SEDs of M stars and LTY dwarfs, together with WISE filters J, H, K, Wy, W, W3.

Figure taken from Allard (2014).
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peak in the infrared. Their SEDs together with the WISE filter transmissions are shown in Figure 3.2.
M stars are the hottest in that group with surface temperatures of 7 ~ 2500 K (Allard et al., 2003). M
dwarfs have temperatures of 7 ~ 1800 K, and even colder T dwarfs have temperatures of 7 ~ 1000

K.Y dwarfs are the coolest with temperatures 7 ~ 500 K.

Figure 3.1 displays the quasar SED at redshifts z = 6—8 together with the band transmissions of SDSS
(u, g, r,i,z) and UKIDSS (Y, J, H, K) in the optical and NIR. This shows that for different redshifts,
the quasar will be brightest in the passband where the Lya emission line falls into. The higher the
redshift of the quasar, the longer the wavelength of the observed Lya emission line. If we compare
this to Figure 3.2, we can see that MLT dwarfs do not exhibit any such trough. However, in broad-
band filters the distinction becomes less clear, which can be seen in Figure 3.3. This shows the SED
of a z = 7 quasar and a T8 dwarf, together with the transmission filters of SDSS (i, z) and UKIDSS
(Y, J, H). They both exhibit (near-)zero flux in the optical, and a large flux in the NIR. Even though
their SED is clearly different, the flux in the broad-band filters can look similar.

At low signal-to-noise-ratios, the colours of early type galaxies at z = 1 — 2 can also resemble those
of high-redshift quasars (Euclid Collaboration, 2019).

In order to separate these contaminants from high-redshift quasars, one needs to look at their colours
in at least three filters (Weedman, 1986). This can be seen in Figure 3.4, in which Euclid Collaboration
(2019) plot the colour tracks of quasars (green), MLT dwarfs (red) and ETGs (blue) using three filters
each. The quasars are shown at z > 7, the MLT dwarfs for types between MO to T8, and the ETGs
are shown between redshift z = 1 and z = 2. Looking at the right plot, we can see that both MLT
dwarfs and ETGs are somehow separable from high-redshift quasars but do have similar colours in
Y —Jand J — H. optical — Y, shown in the left plot, can differentiate between high-redshift quasars
at z > 7 and contaminants. This is due to the Gunn-Peterson trough, which gives a large difference
in flux between the optical (zero flux) and the NIR bands for quasars at z > 7. These quasars would
hence be expected below the plot, at optical — Y > 3. Quasars at z < 7, however, would have similar
colours, as can be seen for 7 — ¥ in the colour-colour diagram for quasars and MLT dwarfs in Figure
3.5. Hence, for quasars at redshifts z ~ 6 — 7, they can be discerned from contaminants by having

photometric information in the three filter bands of i, ¥ and J.

This shows the main drawback of using colours as a selection technique: quasar colours vary a lot as
a function of redshift due to the Lyman « emission line being shifted. Referring again to Figure 3.1,
z — 1 1s expected to be very large for quasars at redshift z ~ 6, Y — i should be very large for redshifts
Z ~ 7 and so on. At about redshift z > 6.5 the Ly « line shifts outside of the optical into the infrared
bands. Therefore, one usually separates quasar searches depending on the broadband filters that are

available from a survey:

e 7 < 6.5: Optical surveys

e 7 > 6.5: Near-IR surveys
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Figure 3.3: The first two rows show the relative flux of a modelled z = 7 quasar and a T8 dwarf. The
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et al. (2007).
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Figure 3.4: Colour tracks of quasars 7 < z < 9 (green), MLT dwarfs (red) and ETGs (blue). Filters
Y, J, H are taken from Euclid. The optical filter is plotted for both Euclid (solid) and ground-based
telescopes (dashed). In the left panel, the quasar track starts at optical — ¥ > 3 and is therefore not
visible. Figures taken from Euclid Collaboration (2019).

It is essential to detect both the absorption trough and the emission of quasars to differentiate them

from contaminants, which is why both optical and NIR data is needed to classify them.

For quasars at a fixed redshift their colour remains relatively constant and enables to apply colour cuts
on a given dataset. That is why it is necessary to initially define a redshift range in which one wants

to search for quasars.

3.1.2 Point-like objects

As mentioned in Chapter 2, quasars are compact with a size of ~ 2 AU, and can outshine their host
galaxies. This makes quasars look like point sources in the sky, which gives them a star-like (quasi-
stellar) appearance (Peterson, 1997; Krolik, 1999).

The appearance of high-redshift quasars is different to that of galaxies such as ETG contaminants,
which have a more extended (elliptical) morphology (e.g., Almeida et al. (2007)). However, faint
ETGs at J > 22 may look very compact and hence can be mistaken for point sources (Euclid Col-
laboration, 2019), with a size of Reg o (1 +2)™"*® that is dependent on redshift (van der Wel et al.,
2014). Therefore, ETGs at z = 2 will look more compact than ETGs at z = 1.
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Figure 3.5: Colour-colour diagram for (¥ — J) vs. (i — ¥). Twelve quasar line models can be seen up
to redshifts z = 7. The curve on the right represents the colour model of MLT dwarfs. Figure taken
from Mortlock et al. (2012).

3.1.3 Stationary sources

Proper motion defines the angular velocity that an astronomical object exhibits relative to the isotropic
expansion of the universe (or Hubble flow), as observed from the centre of mass of the Solar System
(Lépine et al., 2003; Ghez et al., 1998; Eckart & Genzel, 1996). It is different to the parallax effect. For
proper motion, the object intrinsically moves consistently in one direction, whereas for the parallax
effect, the object appears to move back and forth between two positions. This is illustrated in Figure
3.6, which shows the angular proper motion u and the respective peculiar velocity v, at a distance d.
The peculiar velocity consists of the tangential velocity v, and the radial velocity v,. The larger the
distance, the smaller the proper motion for the same tangential velocity.

All extra-galactic sources have a non-zero peculiar velocity. Galaxies have peculiar velocities of
~ 200 km/s (Carlberg et al., 2001; Karachentsev et al., 2006), sometimes up to < 1000 km/s (Girardi
et al., 1993; Sheth & Diaferio, 2001; Anand et al., 2019). Stars within galaxies have stellar velocities
of ~ 100 — 300 km/s (Rieke & Rieke, 1988; Walker et al., 2009; Anguiano et al., 2020). However,
at very large distances d, this translates to a near-zero proper motion u. Objects at high redshifts
are so far away that no apparent proper motion is observable (and hence no peculiar velocities can
be derived) (Hogg, 1999; Weinberg, 1972). Therefore, high-redshift quasars z > 6.5 appear to be

stationary, and hence any candidate that has moved in a survey can be discarded (Lang et al., 2009;
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& d

Figure 3.6: Proper motion y, distance d and peculiar velocity v,,. The larger the distance, the smaller
the proper motion for the same tangential velocity.

Richards et al., 2009; Heintz et al., 2018; Shu et al., 2019). Quasars therefore are ideal reference
points as they are point-like objects and do not show any proper motion (Bachchan et al., 2016). The
standard reference frame in astronomy is the International Celestial Reference System (ICRS) (Ma
et al., 1998, 2009; Fey et al., 2015), which is defined by extragalactic radio sources such as quasars.
Gaia (Gaia Collaboration et al., 2016) is the optical realisation of the ICRS (Bachchan et al., 2016).

Stars are too faint to be detected at such high redshifts. We can only detect local stars which are close
enough that we do detect significant proper motions in them, especially near the Galactic Centre
(Eckart & Genzel, 1996). They will be detected as moving sources in survey images that have been
taken some time apart. Stars can have proper motions that exceed 0.5 arcsec / year (Lépine et al.,
2003). Nearby galaxies can have proper motions of ~ 0.2 — 2.0 marcsec / year (Tinney et al., 1996;
Piatek et al., 2003; Simon, 2018; Massari & Helmi, 2018). However, for ETGs at z = 1 — 2 this
proper motion also becomes zero. Therefore, high-redshift quasars and ETGs do not show any proper
motion, but local MLT dwarfs do. This method of sifting out contaminants based on their non-zero
proper motion will become very useful for the upcoming LSST survey. LSST is a multiple epoch

survey that will map the entire sky every few nights and as such enables proper motion studies.

Lang et al. (2009) use multi-epoch data from the SDSS Southern Stripe and apply an analysis on
proper motion to successfully distinguish high-redshift quasars from brown dwarf contaminants.
Heintz et al. (2018) classified quasars as objects having zero proper motion in Gaia DR2 with 18 <
G < 20 mag and high Galactic latitudes, achieving ~ 75% completeness. This is illustrated in Figure
3.7.

MacMillan (2005) has shown that quasars observed in the radio do have proper motions greater than
50 parcsec per year due to source structure variations. This is because quasars can have temporal
changes in emission structures which can have an effect on their apparent position. Figure 3.9 illus-
trates the proper motion of extragalactic radio sources that move > 50 parcsec/year as a function of
redshift.
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Figure 3.7: Signal-to-noise ratio vs W1 — W2 colours of Gaia point sources. (black) Gaia sources
with magnitudes 18 < G < 20 mag and proper motions. (blue) Gaia point sources with zero proper
motions (have not been confirmed as quasars yet). (red) Confirmed quasars (Gaia point sources with
zero proper motion cross-matched with SDSS-DR14Q (Paris et al., 2018)). Figure taken from Heintz

et al. (2018).
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Figure 3.8: Redshift vs. proper motion of 355 moving quasars > 50 parcsec/year observed in the
radio. Figure taken from MacMillan (2005).

Figure 3.9 shows how the apparent position of quasar 4C39.25 has changed over a period of 20
years as measured by VBLI. The radio source is thought to have changed its apparent position due to
variations in structure (Fey et al., 1997). That is, the number and intensity of its compact components

in the radio changed over that period.
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Figure 3.9: The change in right ascension for quasar 4C39.25. Figure taken from MacMillan (2005).

Since we do not observe our candidates in the radio, we do not have to take this into account. We

observe in the optical and NIR, where we can assume zero proper motion.

3.1.4 Radio source

As explained in Section 2.1.4, up to 20% of quasars are bright radio sources due to relativistic jets.
Compared to radio-loud quasars, neither MLT dwarfs (Williams, 2018) nor ETGs (Tantalo et al.,
2010) exhibit such powerful radio emission. Therefore, by observing sources in the radio one can
separate radio-loud quasars (and radio-quiet quasars with significant radio emission) from contami-

nants.

3.1.5 Variability

As explained in Section 1.2.2, quasars are variable with timescales up to several years, with the highest
variability emerging from regions close to the central nucleus. Contaminants of high-redshift quasars
are rather static in comparison. And when contaminants are variable, they do not show such drastic
differences in magnitude. Variability in MLT dwarfs arises from star spots on the surface of the dwarf
(Artigau, 2018). Due to their less extreme environment compared to quasars, this variability is very
small. In order to detect a magnitude difference of > 0.1 mag, a spot coverage of > 50% would be
required (Goulding et al., 2012). Further, due to the smaller size of MLT dwarfs compared to quasars,
the variability of MLT dwarfs is seen on smaller time scales from a few hours up to a several months
(Artigau et al., 2009). Any variability in an ETG would be due to individual variable (old) stars within

the galaxy, which becomes impossible to detect at z = 1 — 2.

3.2 Data analysis mechanisms on selected sources

Visual inspection is practical when one has a small pool of candidates. However, upcoming surveys

such as Euclid and LSST will provide billions of sources, for which visual inspection becomes infea-
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sible. We therefore need automated data analysis mechanisms that cut down the number of possible

quasar candidates from large sample sets. This reduces the amount of required visual inspection.

The typical data analysis tools are the following:

e Heuristic cuts
e Bayesian statistics

e Machine learning

Heuristic approaches use educated guesses to decrease the sample sizes, where one trades accuracy
for speed. Once the rules are set, the results are reproducible. The advantage of heuristic approaches
is that they are quick and relatively easy to implement, whereas using statistical selection criteria are

more time consuming.

Bayesian inference and machine learning are explained in detail in Chapters 4 and 5.

3.2.1 Colour cuts

A simple yet effective method is to apply criteria on colour and magnitudes, e.g. using heuristic
linear cuts in colour space (Koo & Kron, 1982; Warren et al., 1994; Fan et al., 2001; Richards et al.,
2002; Willott et al., 2007; Venemans et al., 2007, 2013; Baifiados et al., 2016). Colour cuts are easy
to reproduce and easy to interpret due to their lack of complexity. As described in Section 3.1.1, the
specific cuts will depend on the redshift range you are interested in because of the wavelength shift of
the Lya emission line. For example, Venemans et al. (2013) used colour cuts in the optical and NIR
to successfully detect quasars at z > 6.5. The conservative set of colour cuts were Z —Y > 1.25 AND
-05<Y-J<05AND (Z > Zjin3s ORZ-Y >075x (Y -J)+ 145 AND -05<Y-K < 1.3
AND undetected in u, g, r, i, which is illustrated as the dash-dotted line in Figure 3.10. However,
colour cuts can introduce biases in the selected data set (Wagenveld et al., 2022). Using broad colour
cuts, the number of false positives can be high, especially over large observing areas. For example, at
redshifts z =~ 6.5, objects such as MLT dwarfs can look quite similar to quasars in colour space. The
more conservatively one sets the colour cuts, the more quasars will potentially be missed. This is a
tradeoff between completeness and efficiency. Further, colour cuts typically do not take into account
the uncertainties of the measured photometry, and hence a source with a low signal-to-noise-ratio S /N
can end up getting treated the same way as a high S/N source. In addition, there is no differentiation
between sources closer to the edges of the cuts and the more interesting sources that lie exactly on
defined quasar colour tracks (Mortlock et al., 2012). A probabilistic approach might hence be better

suited.
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Figure 3.10: Colour cuts to distinguish high-redshift quasars from contaminants. While the dash-
dotted line shows conservative colour cuts, the dashed line shows more extended cuts. Figure taken
from Venemans et al. (2013).

3.2.2 Bayesian model comparison

The common idea behind Bayesian selection techniques for detecting high-redshift quasars is to have
a prior that takes into account the fact that quasars are rare compared to stars. The likelihood then
includes information about the brightness in the measured filters to account for the scatter in the
quasar population. Bayesian inference has been proven to be a powerful tool for screening quasar
candidates (Mortlock et al., 2012; Bailer-Jones & Smith, 2008; Richards et al., 2015; Pipien et al.,
2018). It has led to the discovery of a z > 7 quasar (Mortlock et al., 2011).

Given a set of population models, Bayesian model comparison retrieves a quasar probability based
on which population model fits the observations best, without having to calculate the marginal distri-
bution. Richards et al. (2004) use Bayes’s rule based on four color measurements to determine the
probability that a source is a quasar, using kernel density estimation (KDE) to obtain the likelihood.
However, Richards et al. (2004) do not take into account measurement uncertainties. This is achieved
by Mortlock et al. (2012), who incorporate photometric uncertainties in their Gaussian likelihood
calculation. They further include a prior distribution for the population density. This is especially
useful when the densities vary drastically between the populations, as is the case for quasars and con-
taminants. This technique has been applied in e.g. Kirkpatrick et al. (2011); Matsuoka et al. (2016,
2018); Euclid Collaboration (2019); Barnett et al. (2021), and is used in this work as well (see Section
7.1). Bovy et al. (2011) use extreme deconvolution to model the underlying likelihood as a sum of
Gaussians, called Gaussian mixture modelling (GMM), which subsequently has also been applied in
e.g. Bovy et al. (2012); Nanni et al. (2021).
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Using a Gaussian likelihood further allows for the method of minimum chi-squared model fitting
(Reed et al., 2017, 2019). Minimum chi-squared model fitting tests how well an observation fits to a
pre-defined model rather than assigning probabilities. This is also used in this work, and is described
in Section 7.2.

3.2.3 Machine learning

Novel machine learning techniques can improve the classification performance (Yeche et al., 2010;
Doert & Errando, 2014; Carrasco et al., 2015; Hernitschek et al., 2016; Schindler et al., 2019; Kang
et al., 2019; Bailer-Jones et al., 2019; Ma et al., 2019; Clarke et al., 2020; Wenzl et al., 2021). How-
ever, they come at the cost of acting as black boxes whose results can be difficult to impossible to
interpret, and are typically not reproducible.

Moreover, machine learning has not been applied to quasars at redshifts z > 6.5 yet, quite likely due
to the small number of confirmed quasars at those redshifts. This is because machine learning needs

large data sets to train on, which in that case is not given.

From a Bayesian point of view, the prior and therefore the obtained posterior point estimate are
dependent on the training set. Bailer-Jones et al. (2008) are able to include the prior of quasars
and their contaminant populations such that they do not have to adapt the training set. Wagenveld
et al. (2022) applies methods from Mortlock et al. (2012) and Bovy et al. (2011) to obtain a GMM-
likelihood using machine learning, while also including informed priors. Shin et al. (2022) combine

the Bayesian information criterion (BIC) with deep learning to detect quasars at z ~ 5.

3.3 Our approach

We describe the steps that are taken to classify possible high-redshift quasars, as is illustrated in
Figure 3.11. We then explain how we adapt the Bayesian model comparison and visual inspection
steps (orange in Figure 3.11) from Mortlock et al. (2012), and how we augment and optimise them
with machine learning (yellow). The set of candidates is taken from Mortlock et al. (2012), which are

defined via their location in right ascension and declination.

The classification steps are the following:

1. Images: Retrieve all images of a candidate from a survey.
2. Catalogues: Query information about the source (such as photometry) from the database.

3. Colour selection: Broadly sift out contaminants by applying colour cuts.



44 Chapter 3. Finding high-redshift quasars

4. Bayesian model comparison: Analyze if a source is a quasar candidate or a contaminant; rank

it by their probability of being a quasar.
5. Visual inspection: Inspect the most probable quasar candidates.

6. Follow-up imaging: Retrieve more accurate photometry; feed it back into the model compari-

son.

7. Follow-up spectroscopy: Spectroscopy often enables the final classification of a candidate.

By only taking simple color cuts one is not able to reduce the amount of possible quasar candidates
by enough to undertake any follow-up observations in a short period of time. Colour cuts are there-
fore used as the initial selection stage to broadly get rid of contaminants, while the next stage is to
analyse these remaining candidates via statistical methods. By ranking the candidates based on their
probability, the most promising candidates can then be visually inspected. Upon the arrival of new
photometry from follow-up imaging, the probabilities are adapted. This refinement step is repeated it-
eratively until only a few hundred quasar candidates are left. Lastly, follow-up spectroscopy is needed

to finally classify the remaining candidates.

In this project, we develop two metrics to help distinguish quasars from contaminants and therefore
reduce the need of visual classification. First, we extend the Bayesian model comparison method
described in Mortlock et al. (2012) and Euclid Collaboration (2019) to calculate a probability that the
source is a quasar from its photometry. However, photometry alone does not test the morphology or
stationarity of a source. We therefore also generate a model of a stationary point-source that follows
the distinct SED of a quasar on the pixel level, which is tested via chi-squared on image cutouts. This

now tests against moving sources, extended objects and sources whose SED is a poor fit to quasars.

We further develop an automated data processing pipeline (Chapter 6), where the input consists of
the nominal source position and the output is given by a summary of extracted features including
calculated PSF photometry, chi-squared value and quasar probability. These features then serve for
defining manual cuts in the feature space (Chapter 7), and/or as an input for the machine learning

classifiers (Chapter 8) to further narrow down the pool of candidates.

We develop two different ML methods. One set of the ML classifiers consists of a decision tree and a
random forest that are trained on the features from the data processing pipeline (Chapter 8). We also
implement a a convolutional neural network that only considers the raw image data instead and does

not make use of the results of our pipeline (Chapter 9).

This requires less human intervention, increases performance and therefore enables classification to
occur much more efficiently. Some visual inspection is still needed to look at candidates whose final
classification is different to the label that was given by Mortlock et al. (2012). If one were to run the
classifiers on the full SDSS/UKIDSS dataset, one would only need visual inspection on a small subset

to validate the classifiers. The final conclusion is presented in Chapter 10.
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(a) After applying colour cuts, Bayesian model comparison is used to obtain ranked probabilities of the can-
didates. The most promising candidates are then visually inspected. Successful candidates undergo follow-up
imaging and the updated photometry is fed into the Bayesian model again.

Images Catalogues Coloyr
selection

Machine Follow-up Follow-up

learning imaging spectroscopy

N

(b) In this project we exchange the Bayesian model comparison and visual inspection steps with machine
learning. This will allow for an automatic way to sift out quasars from contaminants, enabling to observe far
more candidates.

Figure 3.11: The process of classifying quasars. Starting from images of a given survey, we find
sources in given catalogues. As a next step, colour selection methods are applied. This still leaves
us with too many candidates. Before using follow-up spectroscopy, some additional selection stage
has to be applied. (a) illustrates the method that has been used previously by (Mortlock et al., 2012),
using Bayesian inference methods to rank the candidates by their probability before using any visual
inspection. (b) shows the new approach that we want to take in this project: we want to augment these
two steps with automatic machine learning techniques. Follow-up imaging can be used iteratively
with both techniques to get rid of obvious contaminants.



Chapter 4

Bayesian inference

Bayes’ rule is a powerful tool in statistics, and the number of papers that include Bayesian statistics in-
creases drastically each year (Hackenberger, 2019). Thomas Bayes developed this new mathematical
idea at the end of the 18" century (Bayes & Price, 1763). It relates different conditional probabilities
to describe the probability of occurrence of an event given some prior knowledge (Lambert, 2018).
Laplace independently discovered Bayes’ rule in 1774 (Laplace, 1841), which he refined later in 1785
(Laplace, 1912).

In Bayesian statistics, probabilities are expressions of subjective beliefs that allow to be updated upon
arrival of new evidence. In contrast to that, classical/frequentist statistics is based on repetitions of an
experiment, e.g., flipping a coin and counting how many times ‘heads’ and ‘tails’ were observed to
obtain the probability. These repetitions are not necessary in Bayes’ approach. In fact, no coin has to

be flipped to arrive at a probability for ‘heads’ or ‘tails’.

If we knew exactly that we had a fair coin, then neither frequentist statistics nor Bayesian inference
would be needed, as we would know that the probability of ‘heads’ or ‘tails’ is 0.5. However, typically
we do not know the exact underlying process and make approximations or ignore information we do
not regard as important. This then requires a statistical approach to solve a problem. In addition, a set
of measured data points almost always contain some uncertainty (Bolstad, 2017). Statistical inference
takes into account these uncertainties in our measurements, and allows us to increase our knowledge
based on the available data. A detailed discussion on Bayesian vs frequentist statistics can be found

in appendix B.

46
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4.1 Bayes’ theorem

4.1.1 Intuition

An analogy to Bayes’ rule is that of cause and effect, although there does not have to be a causal
link in order for Bayes’ rule to be applicable. The idea is that one can go from P(effect|cause) to
P(causeleffect) and vice versa (Lambert, 2018). That is, one can arrive at a cause by observing its
effect. The concrete formula is given by

P(effect|cause)P(cause)

P(causeleffect) = Pleffect) 4.1)

and is fully explained in Section 4.1.2.

4.1.1.1 Prior belief

The probability P(cause) corresponds to our initial belief in the cause.

For example, let us say we are at a magician’s show and the magician asks us to flip his or her coin. We
might be right in assuming that this coin is not fair, and hence that the coin has a different probability
to get ‘heads’ compared to ‘tails’. The magician also tells us that he/she can make the coin to show
‘heads’ just by looking at it while we throw the coin. Our prior belief therefore might be that both

sides of the coin are ‘heads’, and hence assume a probability of 1 that the coin comes up as ‘heads’.

This belief is then tested against the observed data. E.g., we observe whether the coin shows up as
‘heads’ or ‘tails’ in the end. If it shows up as ‘heads’, we might feel confirmed in our initial belief. If
it comes up as ‘tails’, however, we might revert our initial belief and assume that the coin is fair and

that the magician did not manage to apply his/her trick.

4.1.1.2 How likely is that belief correct?

P(effect|cause) is the probability of observing the effect given our initial belief in the cause. Going
back to our example of flipping the coin for the magician and the coin ends up turning up as ‘tails’,
then this goes against our initial belief that the coin is crooked in that both sides are ‘heads’. In this
case, P(effect|cause) corresponds to P(tails|both sides of coin are ‘heads’). As this is impossible, it

would give a probability of zero based on our initial belief.
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4.1.1.3 How likely is it that we observe this effect?

P(effect) is the probability of an (observed) effect, given the set of possible causes. In our case, the
effect corresponds to the coin showing up as ‘tails’. Let us say that there are only three possible coins
one can have: a fair coin, a coin where both sides are ‘heads’, and a coin where both sides are ‘tails’.
Independent of the magician, let us further assume that overall the probability of having a fair coin is

0.8, and that that of having an unfair coin is 0.1 in each case.

In the case of a fair coin where one side is ‘heads’ and the other one ‘tails’, the probability is % that
we receive ‘tails’ as a result. Now we need to multiply this by the probability that one has such a
coin. Therefore, we get % - 0.8 = 0.4. In the case of an unfair coin with both sides being ‘heads’, the
probability is O that we receive ‘tails’ when the coin can only show ‘heads’. The result for this case is
therefore zero. In the case of an unfair coin with both sides being ‘tails’, the probability is 1 that we
receive ‘tails’ when the coin can only show ‘tails’. This gives a value of 1 - 0.1 = 0.1. In total, this
gives a probability of receiving ‘tails’ of 0.4 + 0 + 0.1 = 0.5. Therefore, the probability of having a

coin that shows ‘tails’ is a half.

4.1.1.4 Given the observed event, how likely is the initial belief true?

P(causeleffect) asks how likely our initial belief (of the cause) is true given that we have observed the
coin flip (the effect). Since P(effect|cause) is zero in our example, the probability of P(causeleffect)
is zero as well. This means that there is zero chance that the coin consists of two ‘heads’ sides if we
observe the coin to display ‘tails’. Intuitively, this makes sense as well since it is impossible to have

a coin that can only show ‘heads’ that then suddenly shows ‘tails’ instead.

4.1.2 Bayes’ rule

Bayes’ rule is given by (Bayes & Price, 1763; O’Hagan, 1994; Lambert, 2018)

L(d|@, M)r(6|M)

p(Old, M) = — ann_

4.2)

where the parameters 0 = (6y,..,0x) ~ n(0|M) are random variables and M our data model. The
probability L(d|@, M) = P(d|@, M) represents the so-called Likelihood. The density of the parameter
random variables 6 is given by m(8|M) = P(6|M) and is called the Prior distribution. The Marginal
m(d|M) = P(d|M) represents the probability of obtaining data d given the model M. Finally, the
Posterior p(68ld, M) = P(6|d, M) gives the probability distribution after our prior belief has been

updated with new data.
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Bayes’ rule follows from the mathematical theorems of probability,
P@,d) = P(6|d)P(d) = P(d|6) P(0). (4.3)

After re-arranging the above via .ﬁ, we obtain Bayes’ rule (4.2): P(0|d) = %.

4.1.2.1 Likelihood

The likelihood L(d|6, M) gives the probability of obtaining data d under the precondition that the
parameters are given by 6. The data dependence in the posterior p(6|d, M) only comes in via the
likelihood (Gelman, 2014). Note that the likelihood itself is not a probability distribution (Lambert,
2018). Thus, the likelihood does not need to integrate or sum to 1. However, it is interpretable by
taking the ratio of two different likelihood values (Etz, 2017).

4.1.2.2 Prior

The prior represents the knowledge of @ before drawing a sample and stands for our belief before we

have gathered new data. It is explained in detail in Section 4.3.

4.1.2.3 Marginal

The marginal m(d|M) acts as a normalisation for the posterior (Lambert, 2018). It is actually a prob-
ability distribution over the complete data space, but since we take the observed data as fixed in
Bayesian inference, it rather represents a constant for the posterior. I.e., it is the probability distribu-

tion over the data space evaluated at the observed data.

In case of a discrete parameter space ®, the marginal is given via the law of total probability by
(Gelman, 2014)
m@dM) = ) P,0|M) = > L&', M) - x(§/|M). (4.4)

[Z450) [Z45C)
That is, one obtains the parameter independent marginal by removing all parameter dependence via
summing over all individual parameter dependencies. As we can see, it entirely consists of the likeli-
hood and the prior. So once the likelihood and prior are selected, the marginal is defined as well. In

the continuous case, the summation is swapped with an integral,

m(dIM):f a’H’P(d,H’IM):f de’ L(d|@’, M)n(6'|M). 4.5)
0'cO §cO
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Unfortunately, the marginal can be computationally expensive to compute, especially when the pa-
rameter space is multidimensional and continuous (Lambert, 2018). A way to alleviate this problem
is to use conjugate priors, as explained in Section 4.3.4, or to use sampling methods such as Markov
chain Monte Carlo (MCMC). However, in parameter inference we are only interested in the relative
dependence on the parameters and hence the marginal can often be neglected since it represents a
constant. The general shape of the posterior and therefore the parameter dependencies stay the same,

it is just scaled by a constant.

The law of total probability If we have events A and B, then the marginal m(A) gives the probability
distribution of event A irrespective of event B. This is in contrast to conditional probabilities, where

P(A|B) gives the probability of event A given that event B has occurred.

For events A and B, the probability of both events happening is written as P(A N B). The probability
that either event A or B occurs is written as P(A U B). The probability that event B does not occur is
written as P(B¢). Independent of whether event B has occurred or not, we can calculate the probability
for event A as the sum of P(A N B) and P(A N B) (Pishro-Nik, 2014),

P(A) = P(ANB) + P(AN B) (4.6)

This is because B and B¢ are disjoint, and combined B and B¢ represent all possible outcomes of B.
Therefore their probabilities must add up to 1 (Sivia & Skilling, 2006),

P(B) + P(B°) = 1. 4.7)

We also know that we can represent P(A N B) as a weighted conditional probability P(A|B) P(B) and

hence equation (4.6) becomes

P(A) = > P(AIb)P(b) (4.8)
be(B,B¢}
= P(AIB) P(B) + P(A|B°) P(B°) (4.9)

The marginal m(A) can be seen as the average of the sum of conditional probabilities P(A|b) for all
possible outcomes of b. As we can see from this equation, the marginal represents the expectation
value E,[P(A|b)], or E¢ [P(d|@')] forA =d,b =6".

More generally, the law of total probability states that if we have a partition By,..., B, of a space S,
then for any event A € § it holds that (Pishro-Nik, 2014)

PA) = Z P(AN B) (4.10)
i=1
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= P(A|B;) P(B;). (4.11)

i=1

This looks just the same as the marginal equation of (4.4).

4.1.2.4 Posterior

The posterior p(6|d, M) tells us about the probability of parameter values 6 given some observed
data d. While the prior represents the belief in the parameters before (prior to) seeing any data, the
posterior represents the updated belief after (posterior to) the available data has been observed. After
each data sample has been observed, the posterior is updated. It does so by combining the prior

parameter belief with the information that the data sample contains about the parameters.

4.1.3 Bayes’ rule for i.i.d. events

Let X ~ f(d,0, M) be a random variable that depends on parameters @ and on a model M. We
construct a sample d = (dy, ..,dy) of N observations of X, where the observations are independent
of each other. This gives P(d;,d;|0, M) = P(d;0,M) - P;j(d;|0, M). Since the data d is sampled
from X ~ f, the observations are identically distributed. This gives P(d;|0, M) := Pi(d;|0, M) =
P;(d;|0, M),V¥i,j < N. Hence, the data set d is i.i.d. (independent and identically distributed), and
overall we receive P(d;,d;|0, M) = P(d;|0, M) - P(d;|6, M).

Therefore, with an i1.i.d. dataset d we can split up a likelihood of the full set of observations as a

multiplication of likelihoods of each individual observation,

N
L(d|6, M) = n P(d;|0, M) (4.12)

i=1

Taking all of this together with (4.2) and (4.5), one arrives at the posterior

[T, P(ile, M) - (81M)
p0ld, M) = (4.13)

[ L@, Myx@|M)de’

Here, the posterior p represents the knowledge of 6 after drawing N samples of X. Equation (4.13) is
a specific version of Bayes’ rule (4.2) which assumes i.i.d. data and uses the law of total probability

to normalise the denominator.

Instead of interpreting (4.13) as the posterior being updated after observing each new data sample,
one can also interpret it as the prior being updated with each data sample. Let us say we had N = 2

i.i.d. data samples x; and x, such that d = {x;, x,}. After observing sample x;, the prior my(6) is
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updated to be the posterior p(6|x;) such that 71(6) = p(6|x;). This new prior is then used to obtain the
posterior p(6|{x;, x,}) of the combined data x; and the new sample x,. Using equation (4.2), this can

be written as

L({x1, x2}10) mo(6)

p@lx, ) = “14)
m({xy, x2})
ndiial  L(x2l0) L(x1|6) 70(6) (4.15)
m(xz) m(x;)
] L(X2|0).[L(X1|0)7T0(0)] 416
m(x,) m(x;)
- L0x10) - p(6lx)) 4.17)
m(x;)
(1 (6):=p(Bh1) L(lea)m(e). (4.18)
m(x;)

This implies that we update our belief of the parameters with each new sample we see. Intuitively
this makes sense as well. Let us say we assumed we had a fair coin that gives ‘heads’ or ‘tails’ with
an equal probability of 0.5. We observe 15 coin flips which show ‘heads’ every time. We might then
update our belief about the coin, and rather assume from now on that the coin is weighted such that it

shows ‘heads’ more often.

4.1.4 Bayesian inference

Bayesian inference uses Bayes’ theorem (4.2) to update the posterior probability distribution p on
parameters @ based on the observed data d (Gelman, 2014). One can then make inferences about the

outcomes of yet unobserved events given the observed data, including an estimate of uncertainty.

Firstly, one sets up a model by initialising the task with a probability model that includes all observable
and unobservable variables. Next, after the joint probability distribution has been set up, one can use
Bayes’ rule (4.2) to obtain the posterior probability distribution. From the posterior one can gain
predictions of unobserved variables based on the observed data. Lastly, one evaluates the model
by testing how well the probability model aligns with the data. That is, does it represent the data
well? Do the resulting implications make sense? And how sensitive are the results to the model
assumptions? One way to do this is via posterior predictive checks, where one compares the observed
data to predicted samples and calculate a predictive accuracy (Gelman, 2007, 2014). Other methods
include Bayesian cross-validation. For a more detailed analysis see Gelman (2007). One can then

continuously iterate through these three steps until one is happy with the outcomes.
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4.1.5 Bayes factor

If one wanted to test the hypothesis of two different priors or methods, one can do this with the so-
called Bayes factor (Kass & Wasserman, 1996). The Bayes factor is the ratio of posterior odds to
prior odds of the two hypothesis,

S Li@) m1(61)d6,

[ La(62) 1a(62)d6,
For example, one could have parameters 6 = {«a, 8} with hypothesis H, : @ = @, and an unrestricted
hypothesis H; : @ € 6. Then we would have 8, = {8} and 0, = {a,}, and two different likelihoods
and priors (Jeffreys, 1983).

(4.19)

4.1.6 Bayesian model comparison

Bayesian model comparison enables us to test multiple hypotheses by comparing a set of statistical
models to observed data (Burnham, 2002; Sivia & Skilling, 2006; Neath et al., 2017). Given two
models M, and M,, data D and additional background prior information /, the ratio of their posterior

probabilities is
_ P(MD,I) _ P(DIMy,I) P(Mi|I)

~ P(MyID,I) ~ P(D|My,I) P(My|I)
If R > 1, then model M, fits the data better than model M,. The probability P (M;|I) is the prior
probability that a source belongs to model M;.

(4.20)

If we have a set of models {M}, the probability that a source is of type M; given input data D is then

poaip,ny = LMD POLD 4.21)
¥, P(DIM;.1) P(M}I)
ws ~ PMID [P(DIM;,6,1) P(6M;,1)de,

5 P(Mji1) [P(DIM;.0;.1) P(6,1M;.1)d6;

(4.22)

4.2 Examples

We illustrate a few examples of likelihood, marginal and posterior.

4.2.1 The likelihood in a coin flip

Let us take the example of tossing a coin again, where 6 = {6} with 6 being the probability of getting

‘heads’ from a coin flip. If we tossed the coin three times (N = 3), then the probability of observing
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Figure 4.1: Binomial likelihood, where 6 is the probability of ‘heads’ during a coin flip. N gives the
number of observed coin flips and K defines the number of observed ‘heads’ during the N coin flips.

‘heads’ three times (K = 3) is equal to to the multiplication of the individual outcomes, P(K = 3,n =
30) = P(K=1,N=10)-PK =1,N=16)-P(K = 1,N = 11§) = 6. For 4 = %this would
be P(K = 3,n = 3|0) = (%)3 There is only 1 possible way to have three ‘heads’ in three coin
tosses, namely {H, H, H}, where H stands for ‘heads’ and T for ‘tails’. If we threw the coin three
times and had two ‘heads’ instead to get P(K = 2, N = 3|6) then there would be 3 possible ways to
toss the coin, {T, H,H}, {H,H, T} and {H, T, H}. The resulting probability for § = % would then be

P(K =2,N =3/6) = 3- (1)

2

If we kept 0 fixed at 6 = % representing a fair coin, and vary the outcomes of the coin tosses, then
our likelihood above would represent a probability mass function. We would sum over the different
probabilities of possible outcomes for a fixed 8 = % and would get 1 as expected from a probability
distribution. This is also what we usually expect in conditional probabilities P(d|#), where we hold
the parameters of the condition @ fixed and vary the data d (Etz, 2017).

However, this is not what we do for likelihoods in Bayesian statistics. This is why the likelihood is
sometimes written as L(#) to emphasize that it is a function of the condition 6. Instead of keeping the
parameters fixed, we keep the data fixed, since the data d is what we observe. The parameters, on the
other hand, are assumed to be a random quantity (Carlin, 2008). So if we again observed three coin
tosses which showed ‘heads’ each time, then we would calculate P(K = 3, N = 3|0) for each possible
parameter value 6. This would then also include unfair coins for which 6 # % We would not calculate
e.g. the likelihood for showing ‘heads’ only twice during three coin tosses, since this is not what we

observe.

Since 6 = {6} with 6 the probability of getting ‘heads’, the probability for ‘tails’ is 1 — 8, which can

be modelled via the Bernoulli distribution,

P(K = 1,N = 1|9)
P(K =0,N = 1|0)
= P(K = k,N = 1|6)

Il
o

(4.23)
1-6 (4.24)
(1 -0)* (4.25)
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For more than one coin flips N > 1, this becomes the binomial distribution,
P(K = k,N = n|f) = (Z) ) (4.26)

where (Z) = #'_k), the binomial factor that gives us the amount of possible arrangements of observing
k ‘heads’ in n coin flips. So in the case of observing three heads (K = 3) during three coin flips
(N = 3), our likelihood would be given by P(K = 3,N = 3|) = (g) - (1-0)°3 =6 whichisa
function of the parameter 6 = {6} as expected. Similarly, if we observed two ‘heads’ (K = 2) in three
coin flips (N = 3) then our likelihood is given by P(K = 2, N = 3|0) = (;) 6*-(1-60y°2=3-6*-(1-0).
In the case of 6 = % this then gives P(K =2, N = 3|0) = 3- (%)3 Note that (;) = 3 gives three different
ways to have 2 ‘heads’ in 3 coin flips as explained further above. This is illustrated in Figure 4.1,
which shows the binomial likelihood for N = 3 and two different K, K = 2 and K = 3. The likelihood
is a function of 6, the probability of receiving ‘heads’ during a coin flip. If we look again at 6 = %, we
can see that the likelihood is larger for observing K = 2 two ‘heads’ compared to three ‘heads’, which
is consistent with our obtained result. # = 1 means that one only can receive ‘heads’ during coin flips,
and therefore the likelihood is 1 when we observe ‘heads’ all three times, and 0 when we observe
‘heads’ not during all of the coin flips. Similarly, & = 0 means that we can only observe ‘tails’, and

hence we receive a likelihood of O if we observe even one ‘heads’ during the coin flips.

4.2.2 The marginal in a coin flip

If we take our coin flipping example again and assume that one can either have a fair coin with ‘heads’
on one side and ‘tails’ on the other, or an unfair coin with either only ‘heads’ on both sides or only
‘tails’ on both sides. This gives a parameter space of ® = {0, 0.5, 1}. The marginal is then obtained

via equation (4.4) by summing over the dependence on 6,

m(d)

P(d|0) - P(9) 4.27)
0€{0,0.5,1}

P@#=0)-PO=0)+PdO=05)-PO=05+Pdo=1)-PO=1). (4.28)

If 6 could take any value between 0 and 1 as in Figure 4.1, then we would obtain via equation (4.5) a

marginal of

m(d) = f do P(d|f) - P(6) (4.29)
6€[0,1]
1
= f de P(d|6) - P(6). (4.30)
0

In both the discrete and continuous parameter case, the likelihood P(d|f) would be given by the

binomial distribution.
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4.2.3 The posterior probability of having Covid if tested positive

Let us say patient A takes a Covid test. This test has an accuracy of 99%. If patient A gets a positive
test result, one might therefore assume that the probability of the patient having Covid is 0.99. But that
is not necessarily correct. What we have not included is the prevalence of Covid in the population. If
every single citizen had Covid, then the 0.99 probability of patient A having Covid after a positive test
result would be correct. However, if the prevalence is less than 100%, then the estimated probability

is wrong.

In this case, the prevalence of Covid in the population is the prior information. It is an essential part
in the calculation. The prior is given as the probability that any citizen has Covid, P(has Covid). The
probability that we have a positive test result is given by P(positive), and the probability of having
a negative test result is P(negative). We want to find the probability P(has Covid|positive) that the
patient has Covid given a positive test result. We use Bayes’ rule (4.2) where 8 = has Covid and

d = positive,
P(positivelhas Covid) P(has Covid)

P(has Covid|positive) = P(positive)
v

(4.31)

One can test positive both when one has Covid and one has not Covid, and hence the marginal
P(positive) is split up such that P(positive) = P(positivelhas Covid) P(has Covid)+
P(positivelhas not Covid) P(has not Covid) and thus

P(has Covid|positive) = (4.32)
P(positivelhas Covid) P(has Covid)
P(positivelhas Covid) P(has Covid) + P(positivelhas not Covid) P(has not Covid)

Let us say we had a prevalence of 0.1% such that P(has Covid) = 0.001. This means that the proba-
bility of not having Covid is P(has not Covid) = 1 —0.001 = 0.999. The sensitivity of a test gives the
probability P(positivelhas Covid) of having a positive test if the person has Covid. The specificity of
a test tells us the probability P(negativelhas not Covid) that a person tests negative if the person does
not have Covid. Let us say we had a sensitivity of P(positivelhas Covid) = 0.99 and a specificity of
P(negativelhas not Covid) = 0.95. Plugging these into equation (4.32) gives us

0.99 - 0.001

(4.33)
0.99-0.001 + (1 —0.95) - 0.999
0.019. (4.34)

P(has Covid|positive)

This gives a probability of less than 2% that one has Covid if the test result is positive, given a
prevalence in the population of 0.1%, a sensitivity of 99% and a specificity of 95%. This is much

lower than one might assume, but actually reflects reality.
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4.3 Prior

The prior probability distribution 7(6|M) represents a weighting of each parameter value. The proba-
bility of each parameter value is multiplied with the likelihood of a specific result given that parameter
value (Lambert, 2018). This prior is often chosen subjectively by one’s own personal belief, and hence
the choice of prior can be controversial. However, the subjectivity is given in an explicit way rather
than in implicit assumptions, which makes it more transparent. A prior can give equal weight to each
parameter value, which makes it a non-informative prior. It can also set different weights to different
parameter values as long as it still represents a probability distribution, which is called an informa-
tive prior. To help with the prior configuration one can make the prior follow certain well-known

distributions where one only has to choose the parameters of the distribution.

Depending on the prior distribution, the posterior will look different. However, upon receiving a large
amount of data samples, the prior distribution will have less and less of an effect on the posterior. In

this section we will be going through different types of priors.

4.3.1 Subjective prior

If we take the example of a coin again, if we have a fair coin we assume that the probability of
given ‘heads’ and ‘tails’ is 0.5 for both. But how do we know that? It is because many independent
coin flipping experiments have been made and the probability turns out to be 0.5 for both ‘heads’
and ‘tails’. We can therefore make an informed prior decision. Another example is that of a doctor
who checks a patient for a certain disease. Before examining the patient, the doctor will assign a
prior probability of how likely he or she thinks the person has that disease. The doctor will make
that assumption based on their experience as a doctor. This experience is personal and limited to the

patients the doctor has seen in his or her lifetime.

However, sometimes we do not have any experiment available at all. How would we then decide what
the prior distribution should be? This is where subjective probability comes in (Berger, 1985). It is
essentially a personal belief without having the backup of neither a relative frequency of past events
nor probability theory (Siegel & Wagner, 2022). This occurs at events that have not happened before
and hence no past experience or theoretical prediction is available. The important thing to note here
is that the assigned believed probabilities have to be consistent, e.g. P(A) + P(—A) = 1, and the prior
has to be a probability distribution (either discrete or continuous). Unfortunately, us humans are very
bad at estimating small probabilities (Tversky & Kahneman, 1974). A person untrained in the area
of the task will likely overestimate his or her confidence in the subjective probabilities and therefore

constrain the parameters too tightly.

An example of subjective probability would be the task to predict the stock value of a new technology.
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One has no past experience in that technology since it is brand-new. There are also no probability
equations that are applicable in this case. Instead of blindly guessing, one might want to ask an expert
in the field about his/her opinion to increase the accuracy of the probability. There are people which
are against subjective priors as they do not like the arbitrariness of the functional form choice (Kass &
Wasserman, 1996). However, no probability is known per se but is model dependent (Sivia & Skilling,
2006). That is, if we have two models M; and M, then P(0|M,) + P(6|M,), P(d|0, M) = P(d|0, M,)
and P(0|d, M,) # P(6|d, M,).

Jeffreys (1983) wanted to make the selection of priors a convention. One was allowed to have an initial
belief, but to hold no opinion on whether that belief was true yet. If one hypothesis was as likely as
another, then the prior probabilities should be equal. One could only choose a specific hypothesis
from definite reason. If there are many equally good hypothesis, they should be clearly stated before
a consistent decision is made (Jeftreys, 1955). In comparison, a person using a subjective prior would
not have to defend why one hypothesis is better than or equal to another. Subsequently, a range of

suggestions were developed on how to select prior distributions (Kass & Wasserman, 1996).

4.3.1.1 How to create a subjective prior

In order to define a prior probability distribution, there are a few possible solutions (Berger, 1985).
One could make a histogram of subjective beliefs over certain intervals and create a smooth proba-
bility distribution from that. One could also use relative likelihoods based on a few anchor points.
For example, one might think the most likely parameter value is at point x; and the least likely at
x,. If one has a few other likely/unlikely points relative to these most likely/unlikely ones, one can
sketch the prior probability distribution from that. This is easiest when one has been given with a

finite parameter space.

Lastly, a common approach is to assume that the prior is of a certain functional form that aligns with
the prior beliefs and then one only has to define the parameters of that function. An example would
be a prior that is Gaussian distributed. In this case, one would only have to define the mean and the
variance. However, it can be quite difficult to subjectively decide which parameter values to choose
for that distribution. A useful tool are fractiles, where one chooses points in the parameter space and
defines subjective probabilities that a random variable that follows the prior is smaller or equal to this
point. This acts as a guide to find the most appropriate parameters for the functional form of the prior
distribution. If the fractiles differ too much from the chosen function, one should use a different prior

instead.

For multi-dimensional prior parameter spaces, it is difficult to imagine the probability distribution. In
those cases it can be best to use the last option of assuming a functional form and just subjectively
estimating the parameters. Alternatively, if the prior parameters are independent, one can use any of

the methods mentioned above and just multiply the resulting probabilities with each other.
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4.3.2 Non-informative prior

In case we do not have any prior knowledge then non-informative priors can be used (Berger, 1985).
Non-informative priors give equal probability to each parameter value, and hence do not favour one

parameter value over the other. Exceptions to this are discussed in the last paragraph.

Non-informative priors are especially useful when we cannot favour one parameter value over another
and hence cannot build a subjective prior. Laplace (1995) called this the ‘principle of insufficient
reason’. It is further useful when we want to “let the data speak for itself" via the likelihood (Lambert,
2018). Thus, it should not have a big influence on the probability outcomes of an experiment (Box
& Tiao, 1973). However, even though non-informative priors do not prefer one value over another,
all priors contain some level of information. Fisher criticised the use of non-informative priors as
he argued that knowing versus not knowing that mutually exclusive events are of equal probability
represent two very different states of knowledge and should not be treated the same (Syversveen,
1998). Another example of when to use non-informative priors is when we have a small sample size
compared to the number of parameters (Kass & Wasserman, 1996). (Bayes & Price, 1763) was the

first person to use a non-informative flat prior for the binomial distribution.

As an example of a non-informative prior, if we have N possible parameter values, then each param-
eter value would be assigned a probability of ﬁ Another example would be the uniform distribution

given over an interval [a;, b;] such that 7(6;) ~ U(a;, b;),

L 4 <6,<b,i=1,.K
n(GIM) =7 (4.35)

0, otherwise

where {a;};-1.. x and {b;},=1_ g are the lower and upper bounds of the parameters {6,},-1 g respectively.
For instance, if we know that we have a fair coin, then the probability for ‘heads’ and ‘tails’ is the
same and we use a uniform prior. Let us say we hide the coin under one of five cups and ask someone
else to guess under which cup it is. Without any further knowledge, one would take a uniform prior
with an equal probability of é for each cup. This also makes the multiplication with the likelihood
much easier to calculate. In such cases of constant prior the shape of the posterior is determined by
the likelihood, not by the prior, and therefore has a peak at the same value as the likelihood (Lambert,
2018),

p0ld, M) o< L(d|6, M). (4.36)

An issue can arise when we apply a transformation to the parameter space of our non-informative
prior. Let us take the example of a finite parameters space with N possible values again and let

us define the parameters by 6. If we now made a parameters transformation of & = exp(6), which
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translated to 8 = log(€), then our prior would change to

n(§) = n(®) = 2 7T [log(&)]. (4.37)

%

This re-parameterised prior is not constant anymore, and hence does not give equal probability to each
parameter value. One could adapt the prior m(6) to multiply the constant probability with &, which
would then make prior 7(§) constant. However, then 7(6) would not be constant anymore. Hence,
one cannot have both priors 7(€) and 7(§) be constant, that is, give equal weight to each parameter.

This means that invariance is not kept under transformation of this constant prior.

4.3.2.1 Improper priors

A difficulty arises when the parameter space is infinite. In that case the integral over a constant prior
would not equal to 1 and hence the prior would not be a probability distribution. This is called an
improper prior. An improper prior can also be a problem for calculating the marginal probability.
However, an improper prior can still lead to a proper posterior (Syversveen, 1998). Hence, an im-

proper prior does not always represent as an issue.

4.3.2.2 Jeffreys prior

Finally, Jeffreys (1983) gave the initiative to find non-informative priors that are invariant under trans-
formation that can be used per convention. Jeffreys (1946) defined a non-informative prior invariant
under transformation. It is proportional to the determinant of the square root of the Fisher matrix I of

the prior parameters 6,

7(0) « det \/1(0), (4.38)
where the Fisher matrix has to be positive definite. The Fisher matrix I (@) of size m X m is defined as
82
I =- log L(d|@ 1<i,j<m, 4.3
0) [6939 og(l)] <iLjs<m (4.39)

where L(d|@) the likelihood. The Fisher information tells us how much information our observed data
gives us about our model parameters. It is a forecast on the precision of the model parameters before
we have done the full observations Wittman (Wittman). One can then compare different models
and predict which would give the most accurate results. Fisher forecasts are commonly used in
astronomy, for example for the planning of astronomical surveys, and for finding new cosmological
probes (Bhandari et al., 2021).

The Fisher matrix is essentially the negative of the Hessian matrix applied on the log-likelihood with

respect to the prior parameters, which results in a matrix of second derivatives of the log likelihood



4.3. Prior 61

with respect to the prior parameters. In the one-dimensional case the Jeffrey prior can be written more

simply as (@) o< VI(6).

The Jeftrey prior () is invariant under parameter transformation & = f(#). This is because

1) =1[f(0)]

(8f(0) ) (4.40)

and hence in the one-dimensional case

of(0 o1
7(6) « VT = \[IL/(O)] |f() 7 /(6 )]\f(), @.41)

which is the transformation formula. More generally, it holds that

n(0) = n(§)

det —| (4.42)

For the normal distribution N(u, o?) it is recommended to apply Jeffrey’s prior to both u and o
independently. This is because depending on whether we use only o or both £ and o as the parameters,
we get the same amount of degrees of freedom in the posterior which is not correct. If we take u as
fixed, then Jeffrey’s prior for o as the only parameter is given by (o) o« 1/0. For the two-dimensional

case where both u and o are variable, however, Jeffreys prior is given by

det I(, o) (4.43)

n(u, o) o
6210gL *log L
= det \ -E aflggL a?f;ng} (4.44)
| dodu 0o?
_L iy N Conl]
= det |-E o2 g 4.45
\ |edw z@wt, 1 @4
L 0
= det\ 0 2 (4.46)
1
o« —, (4.47)
g

(d S5 " This is an improper prior. If we

where the log-likelihood is given by log L(d|#) o« —logo —
treat u and o as independent, we get back m(u, o) = m(u) - n(o-) oc 1/0 as wanted, which gives us the

correct number of degrees of freedom.
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4.3.3 Informative prior

If we have an existing set of observed data or have analysed the data at some time beforehand, we
can create an informative prior (Lambert, 2018). This is where the parameter probabilities differ and
thus are not constant. It makes sense to use an informative prior in such cases. Firstly, this prevents
the usage of subjective beliefs one might have about the problem at hand. Let us say we had tossed a
coin 10,000 times and it came up ‘heads’ 1/3 of the time and ‘tails’ 2/3 of the time. This seems to
be an un-fair coin and goes against one might subjectively assume about the coin. That is, one might
have otherwise assumed that the coin is fair as one did not have any reason to believe so otherwise.
Based on the observed data we therefore would assign a prior probability of 1/3 for ‘heads’ and 2/3

for ‘tails’.

4.3.4 Conjugate prior

As the posterior can be very computationally intensive to compute, especially the marginal within
that computation, one might choose a prior distribution that is of the same functional form as the like-
lihood. These are called conjugate priors (Raiffa & Schlaifer, 1961). For example, if the likelihood
is Gaussian distributed, one could choose another Gaussian for the prior probability distribution as to
make the posterior Gaussian distributed as well. Of course, one should only use the same family of
distribution for the prior if it makes sense. If we knew that the parameters were uniformly distributed,

then using a Gaussian instead would falsify the results (if the dataset is small).

Thankfully, today there are methods that can circumvent or ease the burden of computational costs
(Hackenberger, 2019). An example is MCMC, which is a method that, instead of directly sampling
from the complex posterior, uses a reversible Markov chain with an equilibrium distribution that

matches the posterior.

4.4 Point estimates

Even though Bayes’ rule gives us a probability distribution for the posterior, sometimes a point esti-
mate can be useful or necessary. This is especially the case when the posterior is too time consuming
to compute. This can be made easier by applying approximations such as taking a uniform prior

and/or a Gaussian likelihood.

Let againd = (dy, ..,dy) € X be a sample of data of an independent random variable X, 6 = (6, .., 0k)
a realisation of random variables 6 and M the representing model. It follows from Bayes’ rule (4.2)
that (Sivia & Skilling, 2006)

Posterior « Likelihood x Prior (4.48)



4.4. Point estimates 63

which can be written as
p0id, M) o< L(d|0, M) n(O|M) (4.49)

4.4.1 Maximum Likelihood

The value of highest probability in the likelihood L for a parameter 6; can be obtained via

oL

36, 0w =0,Viell,. K} (4.50)

with 6,,; being the vector of parameter values with highest probability - the maximum likelihood
vector. This is called the maximum likelihood ML estimate. Note that we could find multiple maxima

with this technique, or even a constant region or interval.

If we assume our data to be i.i.d., the maximum likelihood estimate is given by
0y, = argmaxL(d|6) 4.51)
0

liid.] -
=" argmax L(d|0), (4.52)
en ]—[

where m the number of samples.

It follows from equation (4.36) that if we assume a uniform prior, then we can get the position of the
maximum posterior by maximising the likelihood. In that case, if we maximise the likelihood, we

maximise the posterior.

4.4.2 Maximum a posteriori (MAP)

Often, we do not have a uniform prior, or we generally cannot find the complete posterior p(6|d). In
such cases one might be interested in finding the maximum of the posterior instead, which is called
the maximum a posteriori (MAP) estimate. It is similar to the maximum likelihood estimation, but in

this case we apply it on the posterior distribution,

p

=0,Vie{l,..K 4.
001' Oniap O9VZ€{ 90y }7 ( 53)

where 6,,4p 1s the vector of parameter values with highest probability.

It can also be written via the following

Oyap = argmax P(9)d) & argmax [P(d|6) - P(9)], (4.54)
] 0
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where we removed P(d) from the last equation as it is independent of 6.

4.4.3 Chi-squared: Maximum likelihood using a Gaussian likelihood

Take the likelihood to be Gaussian distributed, L ~ N(u, o). Hence, the individual probabilities of
the data {d;} are given by

Fi—d)’
P(d}|6, M) = exp - %) (4.55)
ag; 27T 20—,’
where F is the ideal noiseless data.
Combining equations (4.12) and (4.55) one obtains for the Likelihood
F—d,
Lo M) et Fa 52 oz, (4.56)
with
u F - dk
=) (= (4.57)
k=1

Equation (4.57) is called the chi-Squared value. It is a measure of how much your data differs from

the predicted value.

If the prior is taken to be uniform, equations (4.36) and (4.56) lead to

p(6ld, M) o« e X2, (4.58)

The exponential function is a monotonically increasing function and so is the logarithm. Moreover,
the logarithm varies more slowly with x compared to the exponential function. One usually takes the
logarithm of the posterior distribution as it is easier to calculate. Due to the monotonicity the maxi-
mum of the posterior will be at the same location as the maximum of the logarithm of the posterior.
Hence, taking the logarithm of equation (4.58) gives

2
log p = log,[p(6ld, M)] = const — XE (4.59)

The maximum posterior occurs where the chi-squared y? is at its minimum. Therefore, if we assume a
uniform prior and a Gaussian likelihood, we can obtain the maximum parameter value by minimising

the chi-squared.
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Machine learning

The sheer volume of Petabytes of data flow in astronomy requires an automated tool to analyse the
incoming data. This tool should be able to find patterns in high-dimensional data while being simple
to use (Ball & Brunner, 2010). Machine learning (ML) can give all that, and does so in a short amount

of time.

Machine learning consists of algorithms that can identify relationships between data points and use
these to predict the output of new data sets (Murphy, 2012). An example would be to distinguish
between different classes of objects. As Thomas Mitchell defines it (Mitchell, 1997): “A computer
program is said to learn from experience E with respect to some task T and some performance measure
P, if its performance on T, as measured by P, improves with experience E.” For instance, experience
is a set of the observations in an astronomical survey, the task is to classify stars and galaxies within

those observations, and the performance measure is the accuracy.

The learning module of the algorithm consists of representation, evaluation and optimization (Domin-
gos, 2012). Representation includes the question of which information to use as the input data. The
input data for each sample is composed of a vector of features. A feature is a numerical or categori-
cal variable that describes that data point. Evaluation defines the metric or scoring function that can
differentiate between good and bad classifiers. It gives the performance on a given task. Optimization
corresponds to finding the best parameters of the classifier that minimises the scoring function. This
step makes sure that the algorithm improves upon experience. We want the classifier to perform well
not only on the data set it has been trained on, but also on any data set it has not seen yet. Hence, we
do not necessarily want to find the minimum of the cost function, but we want to be close to it. The

final classifier then outputs the predicted class for a given feature vector.

In astronomy, most of the data is inherently noisy and often ground truths are not known. A ground
truth is the accurate label of the corresponding input that is known. A bit of label uncertainty and

input noise is actually useful for the generalization of the classifier. However, some data is partly
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incomplete and not all machine learning algorithms can cope with that. In the ideal case, we want an
algorithm that can take uncertainties in measurements and in labels into account, and can correct for

incomplete data.

ML is a widely used tool in astronomy, especially for classifying astronomical objects. A brief sum-
mary is given in Section 3.2.3. It has been used to separate galaxies from stars and to analyse galaxy
morphology. Several methods have been used to classify quasars at redshifts 0 < z < 6 (Peng et al.,
2013; Gao et al., 2008; Jin et al., 2019; Abraham & Philip, 2010). Artificial neural networks (ANNs)
(Yeche et al., 2010; Claeskens et al., 2006; Tuccillo et al., 2015; Carballo et al., 2008), decision trees
(DTs) (White et al., 2000; Suchkov et al., 2006; Zhao & Zhang, 2008; Meshcheryakov et al., 2018),
principal component analysis (PCA) (Yip et al., 2004; Davies et al., 2018; Paris et al., 2011; Suzuki,
2006), support vector machines (SVMs) (Gao et al., 2008), kd-Trees (Gao et al., 2008), probabilistic
principal surfaces and the negative entropy clustering (D’ Abrusco et al., 2009), kernel density esti-
mation (KDE) (Richards et al., 2009; Myers et al., 2008), and convolutional neural networks (CNNs)
(Pasquet-Itam & Pasquet, 2018a; Guo & Martini, 2019a; Parks et al., 2018a) all have been used to
classify AGN and/or to determine their redshifts.

5.1 Overview

We give an overview of machine learning, its building blocks and different types of learning.

5.1.1 Machine learning is a subset of artificial intelligence

Artificial intelligence is an umbrella term that encompasses machine learning, representation learning
and deep learning. A Venn diagram of artificial intelligence and its subsets is displayed in Figure
5.1. In this work, we use a decision tree (see Section 5.4) and a random forest (see Section 5.5),
which fall into the category of machine learning but not into its subsets. We also experiment with a

convolutional neural network (see Section 5.7), which is a part of deep learning.

5.1.1.1 Artificial intelligence

Artificial intelligence encompasses both machine learning and deep learning. It essentially includes
any algorithm that mimics human intelligence. Other than machine learning and deep learning, this
can come in the form of rule-based systems where the algorithm is given a set of rules to deduce the

result.
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Figure 5.1: A Venn diagram with artificial intelligence as the overarching term. An example for each
subset is given. Deep learning is a subset of representation learning, representation learning is a subset
of machine learning, and machine learning is a subset of artificial intelligence.

5.1.1.2 Machine learning

Machine learning allows algorithms to increase their performance on a task based on new information,
without having to explicitly program the algorithm. An example of machine learning is a decision
tree, which is explained in Section 5.4. In machine learning, the input features can be hand-designed

features or can be discovered by the algorithm itself.

5.1.1.3 Representation learning

Representation learning is about training an algorithm to find a representation of the raw input data
that is effective for learning (Bengio et al., 2012; LeCun et al., 2015). This can be as part of a classifier
that learns features on its own, or as an algorithm that only deals with finding a good representation of
the data. For example, if the input is an image, one wants to downscale the input to a lower dimension
which removes noise and represents the data without loss of information. Using this representation
as the input data to a machine learning classifier then will result in a better performance than if the
original input data had been used. This process extracts the most important information from the
input data while downscaling it to lower dimension. This allows the architecture of the final classifier

to be less complex which in turn makes for more efficient training.

5.1.1.4 Deep learning

Deep learning is machine learning based on layers of neural networks. Here, the algorithm trains itself

to learn data representations of different levels of abstractions (LeCun et al., 2015). This is achieved
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Figure 5.2: Building blocks of machine learning.

by a network of a hierarchy of layers (Cartwright, 2015). The idea is to mimic neurons of the human
brain. Examples of this are convolutional neural networks and deep neural networks. Examples of
applications are object detection and speech recognition (Krizhevsky et al., 2017; Russakovsky et al.,
2014; Szegedy et al., 2014; LeCun et al., 2015).

For instance, in an image of a person, the first neural layer might detect edges, corners and contours.
Going into deeper layers one finds more complex features such as the nose, eyes and ears, and at even
deeper layers one encounters more abstract features that are difficult to interpret but are vital to a good

classification/regression result.

In deep learning, features can be distributed across layers of multiple scales (Hinton et al., 1986). For
example, one neuron can be attributed to many concepts, and one concept can be represented by many
different neurons. Whereas local representation is a one-to-one mapping, distributed representation is

a many-to-many mapping.

For instance, we could have separate neurons for colour (‘blue’, ‘green’) and shapes (‘rectangle’,
“circle’). In case of a green rectangle, both the neuron that is associated with ‘green’ and the one
that is associated with a ‘rectangle’ are fired. In a local representation, we would instead have a
separate neuron that is associated with a ‘green rectangle’. We can therefore see that the distributed
representation is much more memory efficient, especially at higher dimensions. It is also robust to
unseen or outlier data. For example, if we had a red ellipse, then the local representation would not
be able to deal with that. The distributed distribution, however, could represent a red ellipse by firing

the ‘red’, ‘circle’ and ‘rectangle’ neuron all together.
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5.1.2 Building blocks of machine learning

In order to build an ML classifier, one needs four ingredients (Goodfellow et al., 2016):

e a dataset
e acost function
e an optimization procedure

e a model

The input data can be anything from a set of hand-picked features to raw images. The model is the

classifier we want to use, such as a random forest or a convolutional neural network.

The cost function measures how well our classifier performs on the training set. It assesses how much
the empirical data distribution differs from our model distribution. The lower its value, the better
the performance of the classifier. Weights for each class can be included to penalize an incorrect
classification of an important class more than of a less important one. This is useful when dealing
with an imbalanced dataset: It gives a large penalty for incorrectly classifying a candidate of the

minority class, which will result in a large value for the cost function.

The optimization procedure then updates and improves the parameters of our model such that the cost
function is minimized. It continues to update the parameters until a stopping criteria has been reached

or convergence has been achieved.

This is illustrated in Figure 5.2. First, the features of the training set are fed to a model. In this case we
have a classification problem. The model then predicts the labels belonging to the input samples, and
feeds those to the cost function. The cost function compares the predicted labels to the actual labels
of the training data and computes a loss value. This loss is then fed to the optimizer. The optimizer
uses this loss together with the parameters of the model in order to update those parameters. Finally,
it sends the updated parameters back to the model, and the cycle begins again and continues until a

stopping criteria has been fulfilled.

5.1.3 Supervised learning

In this project, we use supervised learning. There other main classes of learning techniques are

unsupervised and semi-supervised learning. They are summarised in Table 5.1.
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Learning technique Input Function to learn
Supervised {(x,y)} fixey
Unsupervised {x},K fix—=kell,...,K}
Semi-supervised | {(x7, k)}i<ns Ximtmsn | fix— kefl,...,K}

Table 5.1: Supervised vs unsupervised vs semi-supervised learning. Supervised techniques take both
the data x and their output y, whereas unsupervised learning takes in the data x and the number of
clusters K. Supervised learning then learns to map an input x into output y, whereas unsupervised
learning clusters input x into one of the K groups. An example of semi-supervised learning shown
here is to have n labelled examples, where sample x; belonging to class k; € {1,..., K}. The group
representations are then updated via unsupervised samples {x,,}, where m > n. An example would be
to input images of known objects such as galaxies, stars and quasars. There are especially few known
high redshift quasars. The data with known labels define prototypes for each class. Unlabelled data
can then refine these prototypes.

Supervised learning techniques use data points together with their corresponding class labels to train
the classifier. We are interested in finding a function f that maps input x into an output y. The input
in supervised learning therefore are pairs of x and y data points so that the ML algorithm can find

function f that maps these points,

f:R" — R"

XYy

In contrast, unsupervised techniques are only fed the data points without their labels. And semi-

supervised learning algorithms use a mixture of labelled and unlabelled data as their input.

5.1.4 C(lassification

The goal of a classification task is to predict which class a certain input belongs to. Typically one has
at least 2 classes to distinguish the input data from. An example of a classification task could be to
predict the shape of the input data, where the classes are ’circular’ and ’rectangular’. The machine
learning classifier cannot understand ’circular’ or 'rectangular’. Instead, the classes are encoded into
integer numbers such that class ’circular’ is represented by the class label 0, and class "rectangular’ is

represented by the class label 1. Other examples of a classification task are

e Quasars: ’contaminant’ (0) or *quasar’ (1)
e COVID test: 'negative’ (0) or ’positive’ (1)

e Weather: ’sunny’ (0), ’cloudy’ (1), ‘rainy’ (2) or ’snowy’ (3)
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e Dog breed: ’Spaniel’ (0), ’Golden Retriever’ (1), ’Australian Shepherd’ (2)

In a supervised classification problem, the input per sample consists of a feature vector plus the class
label. The output dimension depends on the machine learning classifier. One can have as many
outputs as there are classes. In a binary classification problem, one can stick to one output instead.
In general, the output is the probability that the input sample is of a certain class. Keep in mind
that this probability is entirely dependent on the training data and hence is less accurate than e.g. a
probability distribution obtained via Bayesian inference (see Section 5.2). A (user-defined) threshold

then decides what class one should attribute the input sample to.

In a multi-class problem of n classes and m inputs, the dimension of one’s input labels y is m X n. If

k; represents the class label of sample i < m, then the labels y are given by

For i=0,....m—-1;j=0,...,n—-1; k€{0,...,n—1}: (5.1)
1a ki:j’

Yij = (5.2)
0, k#J

Each sample i has an 1 X n label vector where each element is 0 except for the one which corresponds

to the class of that sample. This element then has a value of 1.

5.2 Machine learning vs Bayesian statistics

In machine learning, the classifier finds point estimates. But in Bayesian statistics, one infers whole

probability distributions.

5.2.1 Machine learning: Parameter point estimate

Using point estimates means that we predict only a single value of a parameter, the one which we
find to be most likely / the best estimate. We do not take into account uncertainties or other parameter
these data points,

O = g(x1,...,x0), k <m. (5.3)

Examples of point estimates are the maximum likelihood estimate (Section 4.4.1) and the maximum
a posteriori estimate (Section 4.4.2). Typically, in machine learning we want to minimise a loss

function. We therefore rewrite the maximisation of a function as a minimisation task instead.

The standard assumption in ML is that the data is i.i.d. (Goodfellow et al., 2016), although this is not

necessarily the case in real-life applications. Relaxing these assumptions can lead to more accurate
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results, with the downside of being more computationally intensive (Dundar et al., 2007). Here, we
also take the i.i.d. assumption. Our training and test sets are both drawn from a data generating
distribution pga,(x) such that Xiain ~ Pdaa and Xiest ~ Pdaa- This data distribution pg,, is unknown.
Using our machine learning algorithm, we estimate pg,.,(x) with our model distribution pyodel(x, 0).
This model distribution depends on x and also on the parameters € of our model. Ideally, we would

like to have puodel ~ Pdata-

5.2.1.1 Negative log likelihood

Let us look at the maximum likelihood estimate from Section 4.4.1. Firstly, as multiplications of
many small values can lead to underflows, and as maximising the likelihood gives back the same 6

than if we maximised the log likelihood, we take the logarithm of (4.51) to obtain

Oy1 = argmax )" 10g Podet (x16) . (5.4)
0 i

The middle term looks similar to the expectation value, and hence we can write
Oy = argmax Ey_p,... 10 Pmoder (X|60) (5.5
0

Here we introduced the empirical data distribution pg,, because we do not know the true data distri-

bution.

Transforming the maximum likelihood estimate into a minimisation problem gives rise to the min-

imisation of the negative log likelihood (NLL) loss function,

Onrr = argmin —Ex_;,  10g prodel (X10) . (5.6)
0
In supervised learning, our model distribution becomes a conditional likelihood of label y given input
x and parameters 6,
OSupervised

NLL = argmin —Ey_z,.. 10 pmoder (Y|X, §) = argmin — Z log pmodet (ilxi, @) . (5.7)
0 0 -

5.2.2 Bayesian statistics: Parameter distribution

Compared to single point estimates, in Bayesian statistics we obtain a whole probability distribu-
tion p(6|X) over our parameters. This is much more powerful than just finding the maximum of a

function. We can still obtain the most likely parameters, but we can additionally obtain the error of
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Figure 5.3: An illustration of underfitting vs overfitting. Figure taken from IBM Cloud Education
(2021).

this parameter estimate as well. The point estimates above (ML, MAP) are actually derived from
Bayesian principles. A detailed analysis of Bayesian statistics is discussed in Chapter 4, with derived

point estimates being listed in Section 4.4.

5.3 The difficulty of generalisation

A classifier that performs well on both the training and any unseen test set is said to ‘generalise’ well
(LeCun et al., 2015). One trains the classifier on the training set, but tests the classifier on the unseen
test set. The question is how one can influence the results of the test set when the classifier is only
aware of the training set during training. The short answer is that based on the loss from both the

training and the test set, we adjust the training of the algorithm.

5.3.1 Underfitting and overfitting

Our goal is to

1. Reduce the training error
2. Reduce the difference between the training error and the test error
If 1. is violated, we have a large training error. This is called underfitting. 1f 2. is violated, the test

error is much larger than the training error. This is called overfitting. We therefore want to find the

sweet spot between underfitting and overfitting.

Overfitting and underfitting are illustrated in Figure 5.3. The plot shows two classes (green dot, purple

star) that we would like to separate by a function. On the left, we assume a linear model. This model
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Figure 5.4: An illustration of underfitting vs overfitting. Figure taken from Zhang et al. (2021).

does not fit the data well. Our training error will be large which means we are underfitting the data.
In the middle, we can see the optimum model. It fits the training data well, but not too well to not be
generalisable to a new data set anymore. Both training and test error are small. This is the model we
should pick for this data set. On the right, we can see a very complex model. It fits the training data
perfectly, but because of this over-complexity it fails to fit the test set. This model has a low training

error, but a high test error.

This is further exemplified in Figure 5.4. The x-axis represents the complexity of the model. For
instance, a linear model has a low complexity, whereas a 100-order polynomial has a large complexity.
The y-axis represents the loss which is explained in more detail in Section C.1.1. Essentially, a large
loss means that the data is not fit well by our model. Ideally, we would have a loss close to zero. As
we can see, the training loss decreases with increasing complexity as expected. For instance, a high-
order polynomial will always fit the data better compared to a linear model. The generalisation loss,
however, initially decreases, hits a minimum at the optimal model and then starts to increase again.
While the generalisation loss initially decreases, we are underfitting the data (see left plot in Figure
5.3). After we have reached the model that fits the test data best, the complexity of the model starts to
increase. The more the generalisation loss increases, the less generalisable the model becomes (right

plot in Figure 5.3).

This is similar to the difference between maximum likelihood and maximum a posteriori estimates.
Whereas the former only includes the likelihood, the latter considers the prior distribution as well.
A prior could penalize a high-order polynomial such that one does not choose the most complex
model and hence finds a good balance between low training error and low test error. This penalisation
does not exist in the likelihood, and hence one would choose the most complex model as that fits the

training data best.
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5.3.2 Bias and variance

Bias and variance are important measures in supervised machine learning (see Figure 5.3). Bias
represents the difference in predicted outcome and actual outcome. It can be seen as an incorrect
assumption of the classifier. Variance represents the difference in outcome for similar input samples.

If too many unnecessary details are modelled by the classifier, then the variance will be large.

5.3.2.1 Bias

Bias is the difference between the expected function value f (x) (point estimate) and the true function
S0,
B(x) = E[f)| - fx). (5.8)

An estimator is unbiased if E [ f (x)] = f(x). In terms of parameters 6, one has a point estimate

f (x) = 6 and a true parameter value f(x) = 6.

Generally, the bias decreases with complexity. In the case of underfitting, we have a high bias, as our
model is not complex enough to properly differentiate between the two classes. Overfitting has a low

bias, as it perfectly fits the training data.

5.3.2.2 Variance

Variance is defined by how much we expect the classifier to vary given a new dataset,
V@ =E[E[fw] - fw]. (59)

Generally, the variance increases with complexity. While we expect the variance to be low for under-
fitting, it will be large for models that overfit. For example, the classifier may model the noise of the

training data. This noise will be different for each sample, and hence will result in a high variance.

At the optimum between underfitting and overfitting, both bias and variance are low. This is the so-
called ‘bias-variance tradeoff’. This is in alignment with Occam’s razor approach, which states that
one should choose the simplest model that explains the data well (Hamilton & Turnbull, 1853). Note
that the ‘bias-variance tradeoff” is not necessarily applicable in deep learning, for which the difference

between the training and test error is often very small (Zhang et al., 2016).
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Figure 5.5: An example of a decision tree. The root node is at the top, and the leaf nodes are in oval
at the bottom. It has a fixed depth of 2.

5.4 Decision Trees

A decision tree is illustrated in Figure 5.5. It reminds of an upside down tree. We start at the root
at the top and go down towards the leaves. One of the reasons for its popularity is that it is easy to
visualise and hence easy to interpret. This is unlike many other machine learning algorithms which
act like black boxes due to their increased complexity. It can be a useful tool to understand the
training set better. E.g., what feature is used as the root node - and does it makes sense/is it actually
an important feature? Their advantages and disadvantages are shown in Figure 5.6. This will become

clearer throughout this section and will be discussed at the end.

5.4.1 Leaf, node, root

A decision tree consists of nodes, branches and leaves (Quinlan, 1986). The root is the starting point of
the tree, and is the parent node of every other node. There can only be one root node in each decision
tree. In a binary decision tree, each node can have at most 2 child nodes. Nodes are connected via
branches. Essentially, a node represents a variable that questions a certain condition, and the branches
represent the possible outcomes of that variable. The endpoints of the tree are marked by the leaves.
These represent the final classification label. To sum up, we start at the top, walk through the tree and

end up at one of the leaves - the final destination.

Let us look again at the decision tree in Figure 5.5. We assume that each sample of our input data
belongs to one of the classes "Dog’, Cat’, "Duck’ or *Snake’. The depth of the tree has to be picked
beforehand. In this case, we have a depth of 2 which means we have to split 2 nodes to get to a leaf

(classification label). The root node checks whether the input sample has a fur or not. The possible
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Figure 5.6: Advantages (green) and disadvantages (red) of decision trees.

outcomes are ’Yes’ and 'No’. This is an example of a categorical variable, with a discrete set of
outcomes. For a continuous variable, one selects discrete non-overlapping sets of possible outcomes.

For example, one could split up a variable x € Rinto x < 1, 1 < x <2 and x > 2.

If the answer to "Has fur?’ is *Yes’, we follow the left-side branch. If the input sample is not furry,
then we follow the right-side branch which represents the answer 'No’. The left subtree then has a
node that asks if the sample is always happy. If yes, then we follow the left-hand side towards the leaf
’Dog’. If not, then it is classified as a cat via the leaf node *Cat’. Similarly, the right subtree contains
the node 'Has feathers?’” and depending on the outcome (‘Yes’ or ‘No’) we arrive at the leaf ‘Duck’

or ‘Snake’.

5.4.2 Function representations

The setup of a decision tree enforces axis-aligned splits. This limits the range of functions it can
represent, although it can approximate any function if using a deep enough tree. This is illustrated
in Figure 5.7. In this example, the root node corresponds to [x; < s,?], which splits up the data into
two subtrees. This is marked as the root split in the plot. The left subtree consists of samples where
X1 < s1, and the right subtree of samples where x; > s;. Next, we split up the left subtree via the node
[X2 < 5,7]. Within this subtree, this splits up the data perfectly into purple polygons and yellow stars.
The purple polygon correspoonds to the left leaf, and the yellow stars to the right leaf. This subtree is
finished. Now let’s look at the right subtree of the root node. Here, we have a node that splits up the
data as [ x, < s37|. Similarly to before, the left subtree of this subtree consists of samples with x, < s3,

and the right subtree of samples with x, > s3. As we can see in the plot, the samples with x, > s3
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Figure 5.7: An illustration of how a decision tree splits up a data set.
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only consist of purple polygons, and hence we can put a leaf there. Samples with x, < s3, however,
have to be split up again in order to differentiate between the two classes. This is done with a node
that splits up the data into groups x; < s4 and x; > s4. This splits up the data perfectly again, and we
can write down the leaves yellow star for the former group and purple polygon for the latter group.

This tree is now finished.

One disadvantage of an axis-aligned split is that a decision tree handles linearly separable data very
inefficiently compared to e.g. logistic regression, as can be seen in Figure 5.8. Using logistic regres-
sion, we can quickly find a linear function that perfectly separates the data set. The result of logistic
regression is drawn in red. The decision tree, however, is incapable of finding this linear decision
boundary. It can only make splits aligned with feature axes x; and x,. A linear separation therefore
looks more like a zig-zag pattern in decision trees, as is shown in green. The deeper the tree and the
more samples present, the more the decision boundary will resemble a linear line. One could also
instead try to re-parameterise the features such that the two classes can be easily split along the axis.
However, this requires a deeper understanding of the input data set. Plus, the beauty of decision trees
is that one does not have to apply any pre-processing steps (i.e., normalisation) to the data and so this

advantage would be lost.

5.4.3 Node splitting functions

In this section, we discuss how a decision tree decides which combination of feature and splitting
value is used at what depth of the tree. The root node typically is the most important feature as it can
split up the data best. But how do we know what feature to use as the root node, and at value to split
it? A decision tree will, at each level, split up each feature at each possible value and select the feature
(and splitting value) that splits up the data best. This is calculated using either the Information gain

or the Gini impurity.

In general, the Gini impurity is the preferred node splitting function as it does not contain any log-
arithm. This makes it slightly quicker to compute, though the difference is negligible. Raileanu &
Stoffel (2004) test how often the Gini impurity and the information gain disagree in a split, and found

this frequency to be on average less than 2%.

5.4.3.1 Information Gain

Information gain is essentially the expected reduction in entropy due to a feature split. Entropy H

measures the homogeneity of our dataset X (Mitchell, 1997), and is defined as

N,

H(X)= ) —pilog,p;., (5.10)

i=1
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Figure 5.9: A simple dataset that can be separated with one split.

where N, the number of classes and p; the fraction of samples in the split belonging to class i. For
N, =2, entropy ranges between 0 and 1. It is measured in units of bits. Given a feature and a splitting
value, the entropy tells us how pure or impure the divided data is. A perfect decision tree would split
up the data perfectly, and hence each subset that emerges from the split should have samples of only

one class each. That is,
Vsubtree !4j < N.:p;j=landpi;=0,i=1,...,N,, (5.11)

where a subtree is defined as the subtree that emerges from a split in a feature. We know that log,(1) =
0, which leads to an entropy of zero. It also follows from 1’Hopital’s rule (de L’Hospital, 1696) that
0 -log,(0) = 0. Hence, our aim is to minimize the entropy H as this either maximises or minimizes

the class proportions {p;};.

Let us say we had a sample as in Figure 5.9. Before we climb down the tree, we calculate the entropy

of the sample before the split,

8 8 12 12
H(before split) = ~30 log, (%) bits — 0 log, (%) bits (5.12)
= 0.529 bits + 0.442 bits
= 0.971 bits

This is the entropy of the overall dataset.

Here, we have a dataset that can be easily separated with feature x; at value s;. This splits up our
dataset in one subtree of 8 purple polygons, and another subtree of 12 yellow stars. Let us define
purple polygons as class 1, and yellow stars as class 2. We first calculate the entropy of the left

branch,

H(left subtree) = —p; log, p; bits — p, log, p;2 bits (5.13)
-1 log,(1) bits — 0 log,(0) bits
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= 0 bits.

Similarly, the right branch also gives an entropy of zero, H(right subtree) = 0. The calculation is the
same, with the values of the class distributions swapped. The overall entropy of the split is then given

by the weighted average

) #s of left subtree #s of right subtree )
H(split) = H(left subt H(right subt 5.14
(sphit) #s before split (left subtree) + #s before split (right subtree)  (3.14)
8
= x 0 bits + x 0 bit
g+12 o g+l2 o on
= 0 bits,

where #s stands for the number of samples.

The information gain is given as the difference in entropy between before and after the split,

G(split) = H(before split) — H(split) (5.15)
= 0.971 bits — 0 bits
= 0.971 bits

Our aim is to choose a feature and dividing value that maximises the information gain.

More formally, information gain for data X and feature A with split value a is defined as (Mitchell,

1997)
X,

|X]|

where Node(A) the set of possible outcomes for the current node that splits feature A, and X, defined

G(X,A) = H(X) - Z

veNode(A)

H(X,), (5.16)

as the number of samples where feature A has a value of v (categorical feature), or feature A is in
the range given by v (continuous feature). If we have m samples in our dataset and A is a continuous
feature, there are m — 1 possible splits one can make. For large datasets, this can be quite a large
number of splits to go through, and one can instead use selected percentiles of the distribution of

values of feature A.

Let’s take another example, this time our decision tree of Figure 5.7. The entropy of the complete

dataset X, before splitting the root node, is given by

23 23\ .. 21 21\ ..
HX) = 1 log, (ﬂ) bits — v log, (ﬂ) bits (5.17)
= 0.999 bits,

where we have 23 purple polygons and 21 yellow stars in our sample, so a total of 44 samples.

Splitting feature x; at the root node at value s;, we receive two subtrees. The information gain of this
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split is then given by

G(X,)C])

| x1<s1| | x|>s1|
H(X) |X| H(X)C1<S| |X| H(X)C]ZS]) (518)

12 32
= :H(X)_ﬂH(XX]<S])_ﬂH(XX12S1)

12 6 6 6 6 .
= H(X)- a [_E log, (E) 0 log, (E)] bits

217, (17 15, (15)] .
14 | 732 °82(32) " 32 °B2{33

= 0.999 bits — 0.273 bits — 0.725 bits
= 0.001 bits

This is a low information gain, but that is because there is no feature that perfectly splits the data at
the root level. Next, let’s look at the node that uses x, with split value s,, which is located in the left

subtree of the root node. Again, let’s calculate the information gain

left left

GX*™ x)) = H(X*") - |)?:f:|2 HX™ )~ I;;EIZ HX® ) (5.19)
6 [ 6 6
= 0.001 bits — T [_6 log, (6) - 0] bits

6 6 6\| ..

D) [ 0--— ¢ log, (6)] bits
= 0.001 bits — 0 bits — 0 bits
= 0.001 bits

Here, there is no reduction in information gain, as the node perfectly splits up the data. Had we tried
out a different splitting value that didn’t separate the two classes, then the entropy would have been
non-zero. Hence, the information gain would have decreased and therefore the decision tree would

not have selected that split.

5.4.3.2 Gini impurity

Gini impurity is a measure of how likely it is that a new sample that follows the class distribution

caused by the split is misclassified by the decision tree (Sany Laber & Murtinho, 2018). Gini impurity

Z [pl Zpk) = Zp, (1-p), (5.20)

k#i

is defined as

where again N, the number of classes in the dataset and p; the probability of a sample belonging to
class i. Therefore, p; is the probability of correctly assigning label i to a new sample of that class, and

1 — p; the probability of misclassifying it. Again, its minimum is reached when the subtree consists
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of only one class j such that p; = 1 and p;,.; = 0. While entropy lies in the range [0, 1] for N. = 2, the
Gini impurity lies in the range [0, 0.5] for N, = 2. In that case, the minima lie at p; = 0 and p; = 1,

and the maximum lies at p; = 0.5.

5.4.4 Advantages and disadvantages of decision trees

Advantages and disadvantages of decision trees can be seen in Figure 5.6. Decision trees are simple
and easy to visualise. This makes them easy to interpret. When plotting a decision tree, one can
immediately see whether the feature that was chosen as the root node makes sense or not. One
can then adjust the training set accordingly, and can quickly detect and remove redundant features.
Another advantage of decision trees is that they do not require any data preparation, hence neither

feature scaling nor centering has to be applied as a pre-processing step (Géron, 2017).

Decision trees can only make axis-aligned splits and are therefore less efficient if the data is linearly
separable but not axis-aligned. Although one could try to use PCA to transform the data space such
that it is axis-aligned, this would lose the major advantage of decision trees that one does not have to
do any pre-pocessing of the data set. Another issue with decision trees is that they can easily overfit if
they are built too deep (Ho, 1995). They can be very susceptible to noisy input features. This means
that small changes in the input features can lead to completely different decision trees. Lastly, at each
node, features are favoured that have many possible splits (Strobl et al., 2007). This is explained in
more detail in Section 5.5.3. The reason for this is that a decision tree tries out every combination of
feature and splitting value at each level which means that a variable which has many possible splits
will more likely lead to a higher gain than one which does not offer many splits (such as a categorical
variable with two options). Typically, this means the tree favours continuous variables and categorical

variables with many class options.

5.5 Random forests

A random forest is an ensemble classifier consisting of a collection of decision trees (Ho, 1995; Baron,
2019). The analogy behind ensemble learners is the wisdom of the crowd: in general, a crowd will be
more knowledgeable than a single person. In the case of a random forest, the crowd corresponds to

the several decision trees.

The random in random forests represents the fact that at each node split, one looks at a random subset
of all the features, whereas the decision tree would look at all of the features each time. Using a
random subset of all features allows for diversity in the results and therefore gives a more robust
model. In addition, each decision tree in the random forest gets trained on a random subset (with

replacement) of the training data.
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Figure 5.10: An illustration of a random forest with majority voting. The input at the top is a star.
This star is fed to each individual random forest and the final classification corresponds to the class
that the majority of decision trees have predicted.

There are different methods on how to decide what the final classification result should be. Typically,
the final label for a new sample corresponds to the label that the majority of all the decision trees
predict. This is called the hard voting classifier. This has the effect of reducing the variance (Géron,
2017). An example of majority voting is illustrated in Figure 5.10. The input consists of an 8-point
star. Running it through the ensemble of decision trees, the majority of trees correctly classifies the

input as a star, which is subsequently used as the final classification label of the random forest.

Another possibility is to use a soft voting classifier, whereby the outputs of each decision tree are
added up and the one with the largest score is used as the final label. However, keep in mind the
outputs of decision trees may be probabilities, but these are based on the input samples that tree
has seen alone! Hence, one decision tree that has seen more samples of one class might be skewed

towards it and this tree will then bias the overall results.

Advantages and disadvantages of random forests will be explained at the end of this section, but can

be seen already in Figure 5.11.
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Figure 5.11: Advantages (green) and disadvantages (red) of random forests.

5.5.1 Bootstrap aggregating

Training a classifier on a random subset of the training set with replacement is called bootstrapping
or bootstrap sampling. For a classifier that contains multiple sub-classifiers, we have an individual

bootstrapped data set for each sub-classifier. This is called bootstrap aggregating or bagging.

In a random forest we use bootstrap aggregating as the individual decision trees are trained on random
subsets of the training set with replacement. It is one of the differences between training decision trees
and random forests. Bootstrap aggregating decreases the variance without changing the bias. This
is because it trains the individual trees on different subsets of the training set. The algorithm goes
as follows: First, one randomly selects m data samples with replacement from the training set. Let’s
call this set X;,,. That means one could have e.g. five copies of the same sample in X,,. This naturally
means that there will be samples of the training set X that are untouched by the selected set X,,. One
then trains one decision tree of the random forest on X,. This is reiterated for each individual tree
of the random forest, and hence each decision tree will be trained on a different set of samples. This
helps to de-correlate the trees. A single decision tree is very sensitive to slight changes or noise in
the input data. However, a collection of trees trained on different sets is not, as long as the individual

trees are un-correlated. Finally, one can validate the results of the random forest on the difference set

X\{Xp}p-
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5.5.2 Feature bagging

The splitting function can either be the Information gain or the Gini impurity, as discussed in Section
5.4.3. For each node, the splitting function is calculated for a random subset of features. This is
called feature bagging. It is different to the usual implementation of a decision tree, where all features
are taken into account at each node. Typically, if we have N features, the subset at each node would
consist of VN samples. The reason for feature bagging is that it reduces the correlation between each
tree and helps random forests to generalise well. Imagine if splitting the data by one specific feature
has a very low Gini impurity / high information gain. If all trees had access to that feature, it would
be the root node of every tree. As such, the individual trees would become correlated. Using a subset

of features at each node decreases that correlation.

5.5.3 Random forest feature importance measure

Similarly to the decision tree, the default random forest feature importance measure is biased. Instead,
one should use the permutation importance or the conditional feature importance measure explained
below. Even though those methods are more computationally expensive, one will receive a more

accurate picture of the most important features.

5.5.3.1 Variable importance measure

The original RF variable feature importance measure by Breiman (2001) is biased. Note that the
variable importance measure is implemented by default in the RF package of the Python library
sklearn. This measure is biased because the mean decrease in impurity is used which favours
features that vary in their scale of measurement or their number of categories (Strobl et al., 2007).
When calculating the best feature and threshold to use for a split in a decision tree, for every feature
every threshold that splits up the data into different subsets is tested. The more often a feature is used
to split the data, the more informative it should be. For example, a feature that can split the data
such that on one side all samples are red and on the other side all samples are blue then the branches
on both sides are pure and therefore have zero impurity (and zero entropy). This feature therefore
will often be selected as a node. This will bias features that can split up the data into many different
subsets compared to features that e.g. can only use one separating threshold. The chances are higher

that the Gini impurity will be lower when you have more thresholds to try.

This problem is enhanced at large datasets, since then the amount of possible splits for continuous
variables are increased, while the number of categories in categorical variables stays the same. It is

therefore not recommended to use the built-in variable importance measure if the conditions above

apply.
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5.5.3.2 Permutation importance

Permutation importance is far less biased than the variable importance measure, especially when it is
used with sampling without replacement (Strobl et al., 2007). The algorithm first records a baseline
accuracy. Next, the values of one feature are permuted. That is, it changes the values of that feature
for each sample. Finally, the importance of that feature is measured as the difference between the

baseline accuracy and the drop in accuracy. This is repeated for every feature.

5.5.3.3 Drop-col importance

In the drop-col feature importance measure, a feature is dropped from the set in each iteration (Parr
et al., 2018). The classifier is then re-trained and the performance is measured. If the feature that has
been removed is important, one expects a drop in performance compared to the classifier in which
all features are used. This will give a more accurate picture of the most important features, however
it is very computationally expensive as it requires the re-training of the classifier for every dropped

feature.

However, it does not work well when a subset of the features are duplicates or collinear. Let us say
we used the same feature twice. That is, two features with the same information. In that case, the
drop-col method will give low importance measures to both features. This is because if we drop one
of the features, we still have the other feature with the same information content. A low importance
measure would drop both features, when we actually only want to drop one of them. The feature itself

might actually be quite important.

5.5.3.4 Conditional random forest importance

The importance measures above do not take conditional probabilities into account (Strobl et al., 2007).
Take for example hospitals that treat very sick patients. They will have a higher mortality rate and
more complications than hospitals that treat patients with mild symptoms. Mortality rate and the

frequency of complications thus seem to be correlated,

P(m, c) = P(m|c) P(c), (5.21)

where m the mortality rate and c the rate of complications. However, this correlation mostly disap-
pears once one makes the probabilities conditional on the seriousness of the illness (Silber & Rosen-
baum, 1997; Strobl et al., 2008). That is, we only compare the mortality rate among patients with the
same severity in their illness. Thus, including the rate of complications c gives us only little additional

information for predicting m and can be disregarded.
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The solution to this is to use conditional random forests without replacement (without bootstrapping).
The feature importance measurement is implemented by minimizing the p value of a conditional
inference independence test in Hothorn et al. (2006); Strobl et al. (2007). This gets rid of biases that
arise when a feature either varies in its scale of measurement or when the feature set consists both of

numerical and categorical variables.

5.5.4 Advantages and disadvantages of random forests

Advantages and disadvantages of random forests are visualised in Figure 5.11. Advantages of random
forests consist of the wisdom of the crowd which leads to better generalisation than decision trees
due to small correlations between the individual decision trees. Similarly to decision trees, no pre-
processing of the input data is necessary. In contrast to individual decision trees, random forests are

robust to noisy data and are not prone to overfitting.

Compared to a decision tree, a random forest acts more like a black box and is thus more difficult to
interpret. Even though the individual trees are easy to interpret, the collection of hundreds of them
is much more difficult to visualise and to understand. It further has a few of the same issues as the
individual decision trees, namely that the splits at each node are axis-aligned, and hence a linearly
dependent data set is more easily solved via linear regression. Finally, as with decision trees, random

forests are biased to continuous variables and variables with many categories.

5.6 Artificial neural networks

Artificial neural networks (ANN) try to mimic the networks of neurons in our brain in a simplistic
way. Our brain contains approximately 10'! neurons (Mitchell, 1997). There, each neuron only
fires if enough neurotransmitters have been accumulated in its cell body, otherwise it remains quiet
(McCulloch & Pitts, 1990; Cross et al., 1995). This idea has been reproduced by ANNSs, where the
output of each neuron is applied to a threshold function. If the output of that neuron is below the

threshold, the output is set to zero.

These threshold functions are not only there to mimic human neurons, they are also needed to repre-
sent non-linear output functions: ANNs are hierarchical layers of units of neurons that are connected
by weights, as can be seen in Figure 5.12. The output of each layer of neurons is a linear combination

of the incoming neuron outputs of the previous layer,
y=Xw+b, (5.22)

where the weights w of the connections represent the coefficients and b represent the biases. The bias
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Figure 5.12: An illustration of an artificial neural network for a two-class problem. The first layer
represents the input features. The last layer represents the probability (based on the seen training data)
that the input is of class 1. The layers in between are hidden layers. The more hidden layers, the more
complex the output function can be.

is a constant numerical value and is separate to the input. One can think of it as the intercept with the
y-axis in a 2D linear equation y = w- x+ b. If we did not subsequently apply a threshold or non-linear
function to this linear combination (equation (5.22)) of the input values, the neural network could
only learn linear functions. However, running this linear combination through a non-linear function,
such as that of a threshold, allows the ANN to represent non-linear functions as well (Goodfellow
et al., 2016). These non-linear threshold functions are also called activation functions. This enables

ANN:Ss to learn complex functions, which makes them very powerful machine learning tools.

If we only had one layer of neurons in our network and used a logistic output function, the network
would be equivalent to logistic regression (Cartwright, 2015). The more layers one adds to the net-

work, the more complex the output function can be.

5.6.1 Forward propagation

Let us look again at Figure 5.12. The inputs of an ANN are given by the images h, of a source.
The weights for each layer [ are given by W,, and the biases are given by b,. Together they form the
parameters of the network. These need to be updated in order for the ANN to learn the desired output
function. After each layer, its output a, is passed to an activation function h; = v; (a;). Let the network
have a depth of D. Then, for each layer [ = 1, ..., D, one calculates the following (Mitchell, 1997;
Goodfellow et al., 2016):

a = b;+W;h_, (523)
h; v (ay) (5.24)
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In the last layer, the activation function v, is a probability distribution. This is required so that we can

classify the input sample.

5.6.2 Backpropagation

Backpropagation updates the weights of a network layer to improve the classification task (Rumelhart
et al., 1986; LeCun et al., 2015). It does so based on the weights of the outputs of the previous layer.
Specifically, it uses the gradient of the activation function v,” (a;) for each layer / in order to update the
weights. While forward propagation calculates the output in a forward moving manner, the weights

are updated backwards via backpropagation (Mehlig, 2019).

Backpropagation is a numerical efficient method (Goodfellow et al., 2016). It stores the values of
a gradient that is used more than once. The gradients we want to retrieve are the partial derivatives
of the cost function J w.r.t. the parameters of the CNN, which are the weights {W,}; and the bias
terms {b;}; for each layer /. These gradients are then needed in the optimization algorithm explained
in the next section in order to update the parameters of the CNN. The full implementation is shown

in appendix C.4.

5.6.3 Activation functions of hidden layers

We give some examples of activation functions that are used in the hidden layers. They are different
to the activation function of the final layer as in that case the output needs to be a probability so that

we can get a predicted label to a given input (see Section 5.6.4).

Activation functions are important in order for the network to be able to learn non-linear functions
(Goodfellow et al., 2016). What each of these activation functions have in common, is that they act
as some kind of threshold. Therefore, below a certain value the output of activation functions is zero.

One might think that a simple step function would be perfect for this.

However, as we have seen above, backpropagation uses the gradient of the activation function v," (a;)
for each layer [/ in order to update the weights. This means that above a certain threshold, we want
the activation function to have a non-zero gradient. Otherwise, the weights are not updated and no
learning occurs. This is the so-called vanishing gradient problem, where the majority of gradients are
zero or close to zero such that the weights are not updated and hence no learning occurs. Coming back
to the step function, it is firstly not differentiable at zero. Secondly, it has a zero gradient everywhere

else. Hence, the idea of the step function as an activation function is discarded.
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(a) Sigmoid activation function. (b) Derivative of the sigmoid activation function.

Figure 5.13: Sigmoid/Logistic activation function and its derivative.

5.6.3.1 Sigmoid (Logistic)

The sigmoid or logistic function is defined as

1
S(a) =vl(a) = Tp(—a,) (5.25)

b

The sigmoid function has the shape of the letter ‘S’ and is shown in Figure 5.13a. It is essentially
a soft step function. Compared to the actual step function, the logistic function is differentiable
and monotonically increasing. Very negative values will be set to 0 as required by a threshold. Its
maximum value is 1. We therefore do not propagate very large weights, where one neuron drastically
outweighs the others. The sigmoid function is non-negative for all possible input values. This means
that the output of the sigmoid function will always be of the same sign and does not allow for negative

values, which can limit the capacity of the network.

Its derivative is given by

oS
8al

S(a)-[1-S(a] (5.26)

1 1
- 1 +exp(-a)) ' [1 1+ exp (—az)]
exp (—ay)
[1+exp (—al)]2

and is illustrated in Figure 5.13b. The fact that the derivative can be stated as the function itself is
computationally very useful for calculating gradients during backpropagation (Mitchell, 1997). Here,
one can see the problem with the sigmoid function. The derivative is non-zero for only a very small
range. The largest values occur in the interval [-2, 2], reaching to smaller values within the intervals

[-4,-2) and (2,4]. Otherwise, the derivative of the sigmoid function is mostly zero. The largest



5.6. Artificial neural networks 93

gradient value is just 0.25 at x = 0. As the gradient approaches zero, learning slows down drastically
and stops when the derivative of the activation function is zero. This is a problem as it hinders the

network from learning.

5.6.3.2 Hyperbolic tangent (Tanh)

The hyperbolic tangent is defined as the ratio between the hyperbolic sine and the hyperbolic cosine,

sinh(a)) e — ¢~
cosh(a) e +e2’

tanh (a;) = v/(a;) = (5.27)
As we can see in Figure 5.14a, the hyperbolic tangent is also ‘S’-shaped. However, its range is
between —1 and 1, compared to the range between 0 and 1 for the sigmoid function. This allows
for both negative and positive outputs. But this also means that it then does not act as a threshold

function. The advantage of using tanh is that zero will be mapped to zero, which is not the case for
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(a) Tanh activation function. (b) Derivative of the tanh activation function.

Figure 5.14: Hyperbolic tangent (tanh) activation function and its derivative.

the sigmoid function.

The derivative of the hyperbolic tangent is

O tanh

= 1 —tanh® (a,) = sech®(a)), (5.28)
831

which is plotted in Figure 5.14b. Here, the gradient goes up to a value of 1 compared to maximum
gradient of 0.25 for the sigmoid function. This allows for much faster learning. However, the x-range

that gives nonzero gradient values is similar to the sigmoid function.
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Figure 5.15: Rectified Linear Unit (ReLU) activation function and its derivative.

5.6.3.3 Rectified Linear Unit (ReLU)

The rectified linear unit (ReLU) activation function is shown in Figure 5.15a. It is defined as

0 fora <0
ReLU (a)) = v/(a)) = (5.29)
a fora; >0

It is zero for a; < 0 and linear above that. This acts like a threshold that only fires neurons that are
above zero. In comparison, the sigmoid function is small but non-zero for many negative x-values
and hence one still has to take that neuron into account in the computation. This is not the case for
ReL.U which therefore makes it more computationally efficient (Krizhevsky et al., 2017). Though, it
also means that any negative value immediately is set to zero, which removes the possibility to update
the weights in that range. Another disadvantage is that for positive values the weights can become
very large, but this effect can be overcome or lessened by regularisation techniques as explained in
Section C.2.

The derivative of ReLLU is given by

ORelLU 0 fora <0

da, 1 fora; >0

(5.30)

and can be seen in Figure 5.15b. Here, the gradient is zero for a; < 0 and is 1 otherwise. This means
that for zero and positive values, the gradient is constant. It therefore does not ’prefer’ specific values

over another in that range, and learning is constant for zero and positive weights.
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5.6.3.4 Leaky ReLU

The solution to zero gradients is Leaky ReL.U. Instead of setting everything to zero for x < 0, one
multiplies negative values by a small constant. This is shown in Figure 5.16a. Leaky ReLU is defined
as

a-a forx<O

LeakyReLU (a;) = v/(a;) = (5.31)

a; forx>0 ,
where a € R a small positive number. Typically, @ = 0.01 (Clevert et al., 2015). We do not want to set
a to a large value since this function would then firstly not act as a threshold anymore, and secondly
would give large weights to negative numbers. The more negative the number, the larger the output
would be. Setting « to a very small value, however, allows the network to update weights for negative

inputs while simultaneously acting like a soft threshold function.
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(a) Leaky ReL.U activation function. (b) Derivative of the Leaky ReL.U activation function.

Figure 5.16: Leaky ReLU activation function and its derivative.

The gradient is plotted in Figure 5.16b and is obtained to be

OLeakyReLLU a forx<O
+ =v(a) = (5.32)
a 1 forx>0

Similarly to ReLLU, the gradient for zero and positive numbers is constant at 1. The difference lies in
the gradient for negative numbers, which is non-zero in the case of LeakyReLLU. Due to the non-zero

gradient for negative numbers, we can update the weights of the network.

5.6.4 Output layer

In classification problems, one needs to use a probability function as the activation function in the

final layer. This gives us a probability that the input sample belongs to a certain class. In neural
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Figure 5.17: Advantages (green) and disadvantages (red) of artificial neural networks.
networks, there are as many output neurons as there are classes N.. Therefore, each neuron i in the

final layer represents the probability that the input belongs to class i. So in a binary classification

problem the output layer consists of two neurons.

5.6.4.1 Softmax

The probability P(y = i|x) that the input h,y belongs to class i, given that the output of the final layer

is ap € R, is obtained as

. eXpl—ap,;
P(y = ilap) = hp, = — 200 (533)
=5 exp(-ap,)
This is called the softmax function. For a two-class problem N, = 2 this gives
. exp(—ap,)
P(y =ilap) =hp; = (5.34)

exp(—apyp) + exp(—ap 1)

5.6.5 Advantages and disadvantages of artificial neural networks

Advantages and disadvantes of artificial neural networks are illustrated in Figure 5.17. One of the
advantages of ANNSs is that they can learn non-linear functions. This is different to decision trees
or random forests, which can only approximate non-linear functions. Further, the features of ANNs
are built in a hierarchy, which means that the simplest features are in the first layers, and the more

complex features are found in deeper layers. Depending on how complex the classification task is,
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one can build shallow or deep networks. Another advantage is that ANNs with large S/N of parameter
gradients during training generalise well, where the S/N measures how similar the gradients of the
parameters are for different input samples (Liu et al., 2020). This is especially the case in networks

with many layers.

One of the disadvantages of ANNSs is that in a network of many neurons, the set of parameters is big.
As each neuron in one layer is connected with each neuron in the previous layer, this quickly adds
up to a significant amount of parameters and hence becomes computationally expensive. Further,
apart from the first layers ANNs are difficult to interpret. This is because in deeper layers the features
become so abstract that it is difficult to understand what they represent. Finally, ANNs need far more
training data compared to e.g. random forests to obtain similar results. The deeper the network, the
more training data is required. However, while most other machine learning classifiers stagnate after

a certain amount of training data has been observed, ANNs continue to improve.

5.7 Convolutional neural network

Neural networks act on one-dimensional input data such as a list of numerical features. However,
sometimes we would like to have higher dimensional input data. This is were convolutional neural
networks (CNN) come into play. Originally proposed as ‘neocognitron’ as an unsupervised learning
technique by Fukushima (1980); Fukushima & Miyake (1982), it today is mostly used for supervised
tasks. The ‘neocognitron’ was updated and improved by LeCun et al. (1989) and Lecun et al. (1998)
as the convolutional neural network we know today, and was given best-practices and guidelines by
Simard et al. (2003). Typically, they are used when the input consists of image data, or image data in
different colour channels (e.g. RGB), to classify the images (Ciresan et al., 2012; Russakovsky et al.,
2014; Szegedy et al., 2014; LeCun et al., 2015; Krizhevsky et al., 2017). For example, the recognition
of hand-written digits (LeCun et al., 1989) or words (Lang et al., 1990).

Similarly to neural networks, CNNs consist of several layers. In contrast to neural networks though,
one can have a multitude of different kinds of layers. A fully connected layer represents a typical ANN
layer and is just one of the possibilities. The two other main layers of CNNs are convolutional layers
in combination with pooling layers which are explained below. The convolutional and pooling layers
extract features with increasing complexity the deeper one goes. The fully connected layers then
combine the different features and output class probabilities. The same rules apply about activation

and output functions as they do for neural networks, described in Section 5.6.

An example of a CNN can be seen in Figure 5.18. Here, the task is to classify a digit between 0O to
9 based on an input image of a hand-written digit in the same range. As we can see, the first layers
consist of a combination between convolution and pooling which down-scale the image size. One

can have several different kernels at each layer in order to find different kinds of features at each level
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Figure 5.18: An example architecture of a convolutional neural network. Figure taken from Saha
(2018). The first layers consist of convolutional layers in combination with pooling layers. The last
layers are fully connected such that one can make a prediction about the class of the input image.
Valid padding stands for zero padding.

of granularity. The last layers consist of fully-connected layers that lead to the final predicted class

probabilities.

5.7.1 Convolutional layer

The most important layer for CNNss is the convolutional layer. A convolution is an operation between
an image and a kernel, where the kernel typically is of smaller size than the input image. This has the

effect of creating another set of images that are smaller than the input images.

One can think of a kernel as a search method to find a specific feature in an image. After the kernel
is convolved with a subset of the image, one can infer whether the feature is present in that region or
not. These kernels are convolved at multiple regions within an image, and hence it does not matter

where the feature is located in the image, as the convolved kernel will detect it.

Let us define the kernel by K and our image by /. Let us further assume a 2D kernel of size (dy X dy).
The convolution result at output pixel (i, j) is then defined as (Goodfellow et al., 2016)

dy—1ds—1

(K % )i, j) = Z Z 1 +m, j+n) K(m,n) (5.35)

m=0 n=0
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Figure 5.19: CNN: Convolution, bias and activation function. Two kernel filters are applied to a 3D
image. A bias is added before running the convolved images through the ReLLU activation function.
Figure taken from Prijono (2018)

Each pixel in the convolved output (K * I) represents local regions in the input image. The larger
dy, the larger those regions. If we had a 5 x 5 filter kernel, then each pixel of the convolved output
consisted of a 5 px - 5 px = 25 px* area of the input image. The convolution essentially is a dot
product between the kernel and a subpart of the input image of the same size as the kernel. The kernel

is then moved horizontally and vertically to cover the whole image.

How many pixels the kernel filter is moved after each calculation is defined by the stride (Goodfellow
et al., 2016). If one would move one pixel with each step then that would represent a stride of one.
Sometimes one would like to have a certain output dimension but one cannot achieve that with the
given input dimension. In this case on can pad the input matrix with a specified amount of pixels
around it. There are different options for what values to use for these pixels. For example, one could
pad it with zero or use the same pixel value as the one next to it. This can also be useful when we
want to go over the regions in the corners more than once. Otherwise a kernel visits the pixels in the

edges only once, whereas the pixels in the middle are visited several times.

Convolution is a linear operation and we therefore also apply activation functions in order to learn
non-linear functions. We can also add a constant bias before running the output through the activation
function. This is illustrated in Figure 5.19, where we have a 6 X 6 X 3 input image and two separate
kernels of size 4 x4 x 3. After the convolution between input image and filter we get two 3 X 3 images.

Before applying the ReLLU activation function on these, one adds a constant numerical bias.

5.7.1.1 Convolution as a down-sampling operation

As explained earlier, convolution is a linear down-sampling operation. The width w of layer (I + 1)

after the convolution is applied is given as

+1 (5.36)



100 Chapter 5. Machine learning

e
0
| —1
3
|
4
|_—1

0
| —1
i
3
/

6
| =

((1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+
(1x2)+(0x4)+(1x1) =-3

\=ABIAX= hoA~\oh ol

A=Vl \ = Yo\ o\

Convolution filter
(Sobel Gx)

YAV VYN

Destination pixel

AN VA

AL AN

ANV

YL L LV YLV

MRERMBAY: 4\

Figure 5.20: CNN: Convolution. Figure taken from Stewart (2019). The background shows the orig-
inal pixel map, in the middle we can see the kernel and in the foreground one can see the convolution
result of the top left part of the image convolved with the kernel Sobel filter.

where p € Nj is the padding size and s € N* equivalent to the stride. Note that we can disregard the
number of channels, as one sums over them during the convolution. The number of channels in the

following layer are determined by the number of feature kernels.

Looking at the example in Figure 5.19, we have w") = 6 and two kernels of size d; = 4. We have a
stride of s = 1 and zero padding. Without looking at the formula above, if you imagine hovering the
kernel over the image and move one pixel at each step, one can apply the kernel exactly 3 times in
each direction before hitting the end of the image. Therefore, the convolved image has a size of 3 X 3.

We can confirm this with equation (5.36), which correctly gives w® = 8340 4 ] =3,

If instead we had an input image of size 31 x 31, a 5 x 5 filter kernel, a stride of s = 2 and padding
p = 1, then the output after a single convolution with this filter would be w® = =221 1] = 15, This
gives a 15 x 15 image, which is essentially half the size of the original image. Note that the biggest
down-sampling effect is due to the stride. If we had taken a stride of s = 1 instead, then the output

would have been 29 x 29, which is close to the original size.

What if we want to use a stride of 1 and no padding, but still down-sample the input image? This is

where the pooling layer comes in, which is described next.

5.7.1.2 Examples of kernels

An example of a convolutional layer can be seen in Figure 5.20. Here, the kernel filter is defined as

the horizontal Sobel filter that finds edges along the horizontal direction, which is the same as finding
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Figure 5.21: CNN: Kernel examples. Figure taken from Stewart (2019). The first column shows the
original image, the second column shows the kernel filters and the third column shows the convolution
of the image with the kernel. The first kernel detects edges in every direction. The second filter
sharpens the image.

vertical edges. It is defined as (Sobel, 2014)

-1 0 1
Sobel G, =|-2 0 2 (5.37)
-1 0 1

In this case this gives =1 -3+0+1-1-2-24+0+2-2-1-2+0+1-1 = -3. Both a very negative
and very positive value are indicators of detected edges. In this case this means that a vertical edge or

change in horizontal direction has been detected.

Intuitively the Sobel filter makes sense as well. Imagine we had a 3 X 3 image I where the first two
columns consisted of ones and the last one of zeros. Applying the Sobel G, filter would give us
Gy*I=-1-1-2-1-1-1+0 = —4, and hence an edge has been detected. For comparison, if
our image only consisted of ones then the convolved filter would result in O which is equivalent to no
detected vertical edges which is correct in this case. Analogously to the horizontal filter, the vertical
Sobel filter detects edges along the vertical direction, and can be interpreted as the transpose of the
horizontal Sobel filter (Gonzalez, 2018).

Another set of examples of kernel filters is given in Figure 5.21. Here, we have another edge detection
filter. In this case this filter tries to find both horizontal and vertical edges/ changes is brightness at
the same time. The second filter acts to sharpen the image. In a CNN, we do not explicitly state
the filters we want to use, but rather make the CNN learn valuable kernels itself. We do this with

backpropagation which essentially works the same way as in fully connected layers.
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Figure 5.23: Average-pooling applied on a 4 X 4 array with a stride of 2 pixels and zero padding.
5.7.1.3 Feature complexity

Deeper convolutional layers measure a different level of granularity compared to the first layer (LeCun
et al., 2015). The deeper one goes within a CNN, the more complex features one detects. The first
layer usually measures the presence of edges and changes in brightness at various orientations. The
next layers are able to look at more complex features that can combine and make sense of the edges
that are detected and other edges that are not detected in the previous layer, from which one can
discern parts of objects. Finally, the last layers can then combine the parts or patterns detected in the

previous layers to form objects that represent the task at hand.

For example, if one wanted to classify dog pictures, then again the first layer(s) might find edges in
various orientations, the next layer(s) can combine previous findings and might find features such as
paws, legs, eyes and ears of a dog. The final layer(s) might find complete dogs with all the features
needed that make up a dog.

5.7.2 Pooling layer

Pooling was brought to attention by Scherer et al. (2010) and Ciresan et al. (2011). It is a down-
sampling operation that allows for positional variance over larger regions. Typically, a stride of more
than 1 is used to effectively reduce the size of a feature image (LeCun et al., 2015). Reducing the

complexity of the images helps to reduce computational cost and prevents overfitting. It further aids
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in detecting important features. There are two different kinds of pooling: max-pooling and average-
pooling (Goodfellow et al., 2016).

5.7.2.1 Max-pooling

As the name suggests, max-pooling takes the maximum pixel value within a location of an image of
a given kernel size. An example of max-pooling is illustrated in Figure 5.22. Here, the kernel is of
size 2 x 2 and is applied on an image of size 4 X 4 with stride s = 2 and zero padding. The maximum
of the first 2 X 2 pixels (in yellow) is max{5, 10, 2,7} = 10. Then we walk two pixels to the right as

per stride. The maximum in this 2 X 2 area (in green) is max{1,4, 8,3} = 8, and so on.

Max-pooling aids in extracting the most important features. This is because significant features have
large absolute values. We have seen this in the example of edge detection in Section 5.7.1.2. However,
max-pooling takes the largest positive values and does not take into account the largest negative val-
ues. Therefore, depending on the sign in the feature kernels, max-pooling either misses out on bright
features on top of a dark background or the other way around. However, this can be circumvented
by applying the activation function before the max-pooling layer. Although ReLLU and max-pooling
commute, MaxPool(ReLU(x)) = ReLU(MaxPool(x)), and hence the problem persists (Goodfellow
et al., 2016). This issue does not occur with average-pooling.

5.7.2.2 Average-pooling

In average-pooling, one calculates the average pixel value within a location of an image of a given
kernel size. Average pooling is illustrated in Figure 5.23. Here, the first 2 X 2 area in yellow on the
top left has an average of (5 + 10 + 2 + 7)/4 = 6 Walking two pixels to the right to the green area, we
obtain an average of (1 +4 + 8 + 3)/4 = 4. The red patch has an average of 5.25, and the purple on on

the bottom right has an average of 5.

Average-pooling aids in extracting the average presence of features, and therefore gives more smooth
results compared to max-pooling. Due to the average, it takes into account all features that are present
in a given patch. However, it might miss or reduce the importance of the most significant features.
On the other hand, max-pooling only concentrates on the most important features but might miss out

on some more subtle features that might be important as well.

5.7.3 Fully connected layer

A fully connected layer works in the same way as a neural network, which is described in detail in

Section 5.6. If the image output in the previous layer is of dimension N X N, then flattening results
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Figure 5.24: CNN: Flattening of a 2D output of a convolutional layer in order to use it as the 1D input
to a fully connected layer.

ina (N - N) X 1 column array, as is illustrated in Figure 5.24. If N is large, then one has to deal with
a significant amount of parameters in the fully connected layer. It is therefore useful to down-sample

the images before feeding them to any fully connected layer.

5.7.4 Prevention of overfitting

In CNNs, one uses two main approaches to reduce overfitting,

e Data augmentation of the training set

e Dropout in fully connected layers

5.7.4.1 Data augmentation

Firstly, one augments the image data to increase the training set. This is to account for different
orientations and locations an object might have within an image (Ciresan et al., 2012; Krizhevsky
etal., 2017). For example, let us say we had face-on pictures of dogs and cats. The network then will
have issues if the face of the animal is tilted or the gaze is side-ways. It is therefore crucial to have a
data set that represents all the different poses and orientations the target object could have. Of course,
we cannot easily artificially change the pose of an object, but changing an orientation is easy to do.

For example, one can mirror the data, rotate the image, scale or translate the object and/or shear the
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Figure 5.25: Data augmentation using elastic transformations. Figure taken from Simard et al. (2003).

The top left shows the original image of the number six, while the others show distorted versions of
the original using the displacement fields shown to their left.

image to show the object at different orientations and scales (Ciresan et al., 2011). These are called

affine transformations.

Another set of transformations are elastic transformations based on displacement fields (Simard et al.,
2003), which can be seen in Figure 5.25. The image in the top left is the original image. The
other images show the distorted image after the displacement fields shown to their respective left
have been applied to the original image. These have been created by a random displacement field
of random displacements. These displacements were then convolved with a Gaussian of different
standard deviation o. If o is close to zero pixels, then the displacements are essentially random,
which can be seen in the top right. Generally, adding random noise to the data can make the classifier
more robust to that. For larger values of o, one arrives at smooth elastic deformations, which can be

scaled by another parameter.

5.7.4.2 Dropout

As a second technique to prevent overfitting in CNNs, one uses dropout in the fully connected layers
of the network as described in Section C.2.3.1 (Hinton et al., 2012). Typically, one uses a probability
of 0.5 for each neuron that its weight is temporarily set to zero to enhance feature diversity and
robustness. The neurons that are set to zero in that round then do not contribute to the classification.
This essentially represents different architectures of networks at every step, which reduces overfitting
(Goodfellow et al., 2013).
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Figure 5.26: Advantages (green) and disadvantages (red) of convolutional neural networks.

5.7.5 Advantages and disadvantages of CNNs

Advantages and disadvantages of CNNs are similar to that of ANNs and are illustrated in Figure
5.26. The main usage of CNNs is on high-dimensional data such as images (Russakovsky et al.,
2014; Szegedy et al., 2014). Imagine we used a neural network instead. Firstly, one would have to
flatten the data which loses any spatial information that is important in recognizing features within
the image. Secondly, one would need huge amounts of parameters, as every neuron in one layer is
connected with every neuron of the previous layer. This effect would be especially drastic if the input
consisted of large images. For CNNs, however, we only need to store the kernels themselves, which
are usually far smaller than the image. The main cost lies in the fully connected layers, which are all
connected to the complete flattened data of the previous multi-dimensional features. If one has many

kernels in that layer before the fully connected layer then this can be very expensive.

5.8 Difficulties of ML

Machine learning thrives on problems that might be easy to solve for a human expert in a specific
domain, but are time consuming and/or difficult to write down as a set of formal rules. Typically, a
well trained machine learning algorithm can solve the same task more accurately and more efficiently
than the human expert. However, artificial intelligence is limited by its non-interpretability, non-
reproducibility and its non-generalisability. Non-interpretability means that they often act as black
boxes where we know the input and decision output, but not the ‘reasoning’ behind the decision.

Non-reproducibility means that if you were to implement the same algorithm and run it through the
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same training set, you would get a different result each time. Non-generalisability is the idea that an

Al can be excellent at one specific task but not at any other task.

5.8.1 A few scientific discoveries

So far, machine learning mostly re-discovers things we already know, but it has not really made any
scientific discoveries yet. However, it can be essential in aiding scientific discoveries (Wang et al.,
2023).

One of the first successes of Al was in 1997, when the IBM Deep Blue Al defeated the then chess
world champion Garry Kasparov (Wang, Fu, Du, Gao, Huang, Liu, Chandak, Liu, Van Katwyk, Deac,
Anandkumar, Bergen, Gomes, Ho, Kohli, Lasenby, Leskovec, Liu, Manrai, Marks, Ramsundar, Song,
Sun, Tang, Velickovi¢, Welling, Zhang, Coley, Bengio & Zitnik, ibm). However, this was not a
discovery per se, as it calculated probabilities of success of every possible move and used the one that

would lead to the most likely success.

A first snippet of scientific advancement was seen in 2016, when Google DeepMind’s AlphaGo de-
feated the 18-time world champion Lee Sedol. It discovered new moves that not even the Go masters
had known beforehand (Silver et al., 2016). It was initially trained on the games of human expert
players. After AlphaGo, they developed a new deep learning Al called AlphaGo Zero that was not
trained on human knowledge but rather only played against itself (Silver et al., 2017). It outperformed
AlphaGo within just 3 days of training and won by 100 games to 0. This exposes the limits of our
human understanding, and that leaving our knowledge out of it can actually make a machine become

more ‘creative’ so to speak.

In 2020, DeepMind’s AlphaFold won the Critical Assessment of protein Structure Prediction (CASP)
(Jumper et al., 2021). This is an experiment that takes place every two years to find the best algorithms
that come closest to predicting the 3D protein structure from their 1D amino acid sequence. They are
tested on around 100 amino acid sequences, where the shapes of the proteins have been evaluated in
the lab beforehand but not made public yet to allow for a blind test. Before AlphaFold no algorithm
in 50 years of the existence of CASP had come close to the levels of precision of lab analysis. This

will prove useful for drug discovery for different kinds of diseases and much more.

5.8.2 Correlation vs causation

A machine learning algorithm can easily find correlations, but these are not necessarily causations.

Messerli (2012) detected a linear correlation (r = 0.791, P < 0.0001) between chocolate consump-

tion per year per capita of different countries and the number of its Nobel laureates per 10 million
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inhabitants. Not surprisingly, Switzerland made the top spot in chocolate consumption. However, it
also has the most Nobel laureates per 10 million people. Messerli (2012) state the following:

“ Of course, a correlation between X and Y does not prove causation but indicates that either X influ-
ences Y, Y influences X, or X and Y are influenced by a common underlying mechanism. However,
since chocolate consumption has been documented to improve cognitive function, it seems most likely
that in a dose-dependent way, chocolate intake provides the abundant fertile ground needed for the

sprouting of Nobel laureates.

5.8.3 The importance of the training set

Even though machine learning algorithms on average perform better than people, they are only ever
as good as its input data. Choosing a broad and representative training set can become more important

to the result than the architecture of the algorithm itself.

5.8.3.1 Output class probabilities

The output of classification tasks consists of probabilities that a sample belongs to a certain class.
Note that the probabilities in machine learning should be interpreted with a grain of salt, as they are
based on the distribution of the training set. Often this distribution is not representative of the real
world but is adapted to solve a specific task. For example, if one wants to find high-redshift quasars,
one will put a larger quasar-to-contaminant ratio in the training set compared to the true ratio. This is
so that the classifier can find relationships between the input features and quasars, which ultimately
leads to a better classification. However, what it essentially does is to skew the prior distribution of
quasars. Hence, one should not take the probabilistic output of a machine learning predictor at face

value.

5.8.3.2 Uncertainties in the input data

Uncertainties in the input measurements can lead to wrong classifications in the input labels. The
problem with sources in astronomy is that, unless an object has been spectroscopically observed, there
is always an uncertainty in its class label. Supervised learning uses ‘ground truths’ as its input data.
But what if the labels of the input are wrong without us knowing it? In the worst case, an algorithm
gets trained on wrongly labelled input data and hence will misclassify yet unknown objects. This
problem gets worse the more complex the algorithm is allowed to be. Overfitted models will have an
especially bad effect on wrongly classified labels, as the model then tries to fit for outliers as well.
On the other hand, if the algorithm is not overfitted and the wrong labels are distributed randomly

throughout the feature space, then this should not be too big of a problem, given that the number of
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wrong labels is much smaller than the number of correct labels. The correct labels will outweigh the
bad ones. If, however, the wrong classified labels form clusters, the bad labels will outweigh the good
ones and the decision boundary will adapt to this. In order to circumvent these effects, it is important

not to overfit the model.
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Data processing pipeline

The data processing pipeline assesses image quality and extracts two quasar detection metrics and
other information for a given source from broad-band photometric survey images. It fits point sources
to our candidates of interest from which their fluxes and magnitudes are obtained.It further gets rid of
any images that contain any survey data processing issues. The parameters used in different stages of
the pipeline are listed in Table 6.1. These are different radii from the central source within which a

specific quantity is calculated.

Currently, the pipeline works fully for SDSS and UKIDSS LAS. It will be straightforward to include
upcoming surveys as the code has been written to be very modular. One only has to adapt the database

access and optionally the form of the point spread function (PSF) specific to each survey.

Note that the input to the pipeline is a set of source positions. These will typically be taken from the
database of one of the surveys. Since SDSS and UKIDSS have been running several years apart, a
local star will not have the same position in both surveys. It will have moved, and thus will have a
different source location in the other survey’s database. Therefore, this pipeline is also able to detect

if a source has moved between two (or more) surveys.

6.1 Step-by-step pipeline sequence

The input for this pipeline is a list of (RA, dec) locations. The output is a summary file that contains
extracted and processed information summaries for each source (see Table 6.2). These encompass
information on the photometry (fluxes and magnitude), background, residual chi-squared values from
model checking and a quasar probability from Bayesian model comparison. This summary can then

be used as input features for the classification task of finding high-redshift quasars.
A flowchart of our code structure is shown in Fig. 6.1. The pipeline automatically downloads all

110
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Figure 6.1: Flowchart of the data processing pipeline. For each available source image, the back-
ground pixel flux and the flux of the central source are calculated. These are used to obtain a quasar
probability and a best fit quasar SED. The latter is used to reconstruct the postage stamps based on
our quasar model, which are subsequently tested against the real data via chi-squared. The complete
set of information of the input source can then be utilised to classify it as a quasar or contaminant.
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Table 6.1: Parameter values of our data processing pipeline, where radii are given in arcseconds.

Parameter Description Default value
/ Size of each postage stamp 3478
()]
Lo Plotted postage stamp size a4
(lplot X lplot)
Reiip Radius for sigma clipping 8’4

Sigma clipping: pixel p is
a . . 3.0
removed if |p| > |median + ao|

R Radius within which no 2
keep other source gets reconstructed '

Riux Radius for fitting the flux 276

Ry Radius for calculating i; 172

available images in each passband for given surveys, makes image cutouts, removes sources outside
the centre and finally calculates the PSF flux of the central source together with the background pixel
flux and signal-to-noise ratio. This allows us to retrieve photometry information even for candidates
that are too faint to have been detected in a given survey. Thus, by applying forced photometry (i.e.,
measure the flux at a given location even if no source has been detected by that survey) on the raw
pixel data of each survey in each band for each source, we retrieve a more accurate best-fit quasar
SED template and quasar probability.

A list of locations of astronomical sources given by their right ascension a and declination ¢ serve as
the input for the pipeline. The following subsections describe the steps that are applied to each input
location to arrive at the summarized candidates. These summaries can then be used as input features

for a classifier to detect if the source is a possible quasar candidate or not.

6.1.1 Downloading all available images

Given a location of right ascension and declination, the databases of a set of surveys are queried to
obtain all available images that contain this location. Images are discarded if specific error flags are
set that would indicate any data processing issues. These are specific to each survey. The relative
directory structures for the downloaded images in SDSS and UKIDSS are shown in Table 6.3. The

image identifiers in the path names are explained in Section 6.2.

Each database query takes approximately 1 second to complete. The image downloads take the

longest time with approximately 5 seconds per image (compressed: ~ 110 kB). We therefore do
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Table 6.2: Stored information for each candidate as part of the last step in the data processing pipeline.
The fluxes are stored in units of Jansky (Jy) and the magnitudes as AB magnitudes. The fluxes

and magnitudes are averaged over n, runs. The minimum and maximum chi-squared values are

~2 _ : 2 ~2 _ 2
Xmin - mln{Xb,n}bEBanS"r and Xmax = maX{Xb,n}bGB,nSnr'

Stored Summary
RA right ascension (J2000)
dec declination (J2000)
i residual chi-squared (7.9)
{¥; e chi-squared for each passband (7.8)
paen minimum chi-squared
X maximum chi-squared
Koos * with fitted source centre
Xoosmax || Xmax With fitted source centre
2 estimated redshift
Py quasar probability (7.1)
{Fp}pen PSF flux
{oF, }ben uncertainty in the PSF flux
{mp}pen magnitude

(O, }peB uncertainty in the magnitude

{FPYen database flux

{o ng};,eg uncertainty in the database flux

(M} pep database magnitude

{O'mgb }beB uncertainty in the database magnitude

{(S/N)p}sep || signal-to-noise ratio

{o.b}beB mean background pixel flux

{ob}hen uncertainty in the background pixel flux
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Survey | Stored image path

SDSS Images/<rerun>/<run>/<camcol>/
frame-<passband>-<run(6)>-<camcol>-<field(4)>.fits.bz2

UKIDSS | Images/<mfid>/<extno>/<unig>.fits.gz

Table 6.3: Stored paths of the downloaded images. The numbers in the brackets correspond to the

6
amount of characters the field should contain, filling the unused characters up with zeros (e.g. 47 “

000047).

not download an image if it already exists. Although if needed, we can set a flag in the pipeline that

instructs the re-download of images.

6.1.2 Cropping an image to a postage stamp

We cut out the images to postage stamps of size [ X [ = 3478 x 34”8 that are centred on the nominal
source positions. The reason we use such a relatively large area is that we also want to reconstruct
the flux of sources near the central source, since not all of the flux in the centre of the postage stamp
necessarily comes from the central source. And we can only reconstruct a source with the PSF-fitted

flux if we have the image data to fit it to.

We store both the original sized image and the smaller postage stamp. If one wants to use a larger
postage stamp size then it is easy to do so without having to re-download the original image. More-
over, we do not want to load the full image into our workspace since we only need to analyse a small
region around the source. If the postage stamp already exists, then it is loaded into the workspace.
The paths for the postage stamp images in SDSS and UKIDSS is shown in Table 6.4.

Survey | Stored postage stamp path

SDSS Postage_stamps/<rerun>/<run>/<camcol>/
frame-<passband>-<run(6)>-<camcol>-<field(4)><TIAU>.fits.bz2

UKIDSS | Postage_stamps/<mfid>/<extno>/<unigq><IAU>.fits.gz

Table 6.4: Stored paths of the postage stamps. The numbers in the brackets correspond to the amount

of characters the field should contain, filling the unused characters up with zeros (e.g. 47 9 000047).

When the source is located near the edge of the original image, it can happen that at least one of the
edges of the postage stamp lies outside the original image. In these cases, the data array is filled up

with NaN values such that the overall shape of the postage stamp stays the same.

We mentioned that we do not download an image if it has some data processing issues around the
source of interest. However, the survey’s algorithms do not capture every processing issue all the

time. We have noticed that in our dataset we have quite a few images that contain lines caused by
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e.g. satellite trails, which have not been flagged up by the surveys. We therefore apply a Hough
line transform (Galamhos et al., 1999) on every postage stamp in order to detect those. We use
probabilistic_hough_line! from the Python library skimage to do that. If a line is detected, we

discard that postage stamp.

6.1.3 Plotting postage stamps

We plot the postage stamps at a size of [y X lyior = 2474 X 2474 each. This is useful for analysing
re-occurring false positives / false negatives, either to update their classification label or to potentially

see what types of source images a classifier might get wrong.

6.1.3.1 The orientations of postage stamps

The orientations of survey images can vary, even within the same survey. When plotting postage
stamps, we want to compare the data between different passbands and surveys and therefore want
them to be oriented in the same way. We rotate each postage stamp by an angle w such that North
points upwards and East towards the left. If required, we also mirror the postage stamp after applying
the rotation. This is required for SDSS, where North points upwards and East towards the right, and
so the image has to be mirrored horizontally. Examples of plotted postage stamps that have been
aligned are depicted in Figure 6.2. This shows a point source (6.2a) and a quasar (6.2b) at redshift
z =5.82 (Fan et al., 2001) in the passbands of SDSS and UKIDSS.

If we rotate the postage stamp, it gets interpolated which leads to a loss of information (if w is not a
multiple of 90 deg). The rotated image therefore is only used when we want to plot a postage stamp.
All of our calculations are done on the original pixel data. To make our calculations independent of
orientation, we apply a circular mask on the central source of our postage stamp. Only pixels that lie
within that mask are taken into account for the calculations, whereas the remaining pixels are ignored.

This can be seen in Figure 6.3.

If we rotate an image by an angle that is not a multiple of 90 deg, the resulting square image becomes
larger. This is illustrated in Figure 6.4. Therefore, the stored image has to be larger than the part of
the image that is plotted. If we want to use a square of side D, then the stored image has to be at
least of size VD? + D?> = V2 D to allow for rotations at any angle (i.e. for 45 degree rotations). For
our plotting size of [y, = 24”4, the required postage stamp size is 34751. We select a slightly larger
postage stamp size of 34”'8.

lhttps ://scikit-image.org/docs/dev/api/skimage.transform.html
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(a) Point source J092036.65+093407.9

(b) Quasar J083643.86+005453.2 at z = 5.82 (Fan et al., 2001)

Figure 6.2: Postage stamps for two sources, plotted in the passbands of SDSS and UKIDSS. The rows
correspond to different runs/epochs.

6.1.3.2 Obtaining the rotation angle

In order to calculate the rotation angle w , two locations py, p, are selected within the postage stamp,

1 = (@,9) 6.1)
Paspss = (@ +€06+¢€) (6.2)
Paukipss = (@ —€,0+€), (6.3)

where € > 0, a the right ascension and ¢ the declination. p, differs between SDSS and UKIDSS as

the images are mirrored to each other.

Next, the pixel locations that correspond to the angular location are obtained via the Python library
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Figure 6.3: Applying a circular mask (green) on a postage stamp. Only the pixels within the mask are
used for calculations. The circular mask is independent of the orientation of the postage stamp, and
hence it does not matter how North(N) and East(E) are aligned.

Image rotated by 98.246 degrees

Figure 6.4: An image A is rotated by 98.25 degrees to arrive at image B. In order to capture the
original image A in its rotated form, the resulting image B has to be of larger dimension compared to
image A.
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WCS 2. Using the pixel locations, the angle between the two points is calculated,

(6.4)

R (u)

P2y = Piy

This is illustrated in Figure 6.5. Using inverse tangent instead of e.g. inverse sine gives a slightly more

Figure 6.5: Illustration of how to calculate rotation angle w for a CCD setup where, if North points
upwards, East points towards the left.

accurate result as we do not need to calculate the hypotenuse p,p;. Depending on which quadrants

p1 and p, are located in, the image is rotated accordingly.

6.1.4 Estimate the background flux

We apply sigma clipping (Ratnatunga & Newell, 1984; Akhlaghi & Ichikawa, 2015) in order to get
an estimate of the background pixel flux. The algorithm applies these two steps until convergence,

where we use a = 3:

1. Calculate the median and the standard deviation o of the underlying data subset

2. Remove all pixels with absolute analog-to-digital (ADU) values |ADU| > median + a o

The remaining pixel values form the new subset for the analysis.

After the algorithm has finished, one obtains the mean y and standard deviation o from the remaining
pixel data. This is illustrated in Figure 6.6, which shows the histogram of the ADU values of the
remaining pixels of a source after sigma clipping has been applied. This distribution looks Gaussian
as expected, and hence the source pixels have successfully been removed and the remaining pixels
represent the background. The algorithm is applied on a circular region of radius R, = 84 around
the centre of the postage stamp. We use this radius as it gave the best classification results. We need
a big enough radius such that the source can be discerned from the background, and a small enough

radius such that we receive local background pixel flux values. This works well except for when there

2https://docs.astropy.org/en/stable/wcs/
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Figure 6.6: The distribution of the pixel ADUs after sigma clipping has been applied.

is a bright source that takes up a large part of the postage stamp. In this case we increase the area for
the background calculation until 80% of the used area is identified as part of the background by the

sigma clipping algorithm, i.e., until the majority of the contained pixels represents the background.

6.1.5 Calculate the PSF flux of sources in a postage stamp

We calculate the Point spread function (PSF) flux for every source within the postage stamp. This
is because we do not want any source to interfere with the flux of the central candidate of interest.
Hence, if we can subtract the PSF flux of any nearby source from the postage stamp, then the central

source flux calculation will be more accurate.

6.1.5.1 Point spread functions

A point spread function shows a diffraction pattern resulting from capturing a point source with an
optical system (Born, 1999).The convolution of the intrinsic surface brightness of a source and the
PSF gives the resulting image as recorded by the apparatus . This is illustrated in Figure 6.7.

The surface brightness u of a point source at location (x;, yy) of flux F > 0 is given by

pey) = o+ FS [Vx—x P+ -y, VxyeR, (6.5)

where y the background of the source and S (r) the point spread function. Assuming that the system

is isolated and that the apparatus only redistributes light (Lewis, 1926), photon conservation implies

3Since the optical lens does not converge the incoming light to an infinitely small point, the waves interfere and a
diffraction pattern occurs. For a spherical aperture, an Airy disk is formed.
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Point source PSF Observed image

: ® N = :

Figure 6.7: A point source (left) is convolved with a radially symmetric point spread function (middle)
to arrive at the final blurred observed image (right).

that the integral of the sky subtracted surface brightness must equal the flux F,

f dx f dy [u(x,y) = uo] = F, (6.6)

which, transforming into radial coordinates, leads to

F [f‘x’ 2nr S (r) dr} =F. (6.7)
0

That is, we can multiply the integrated point spread function by any scalar factor F' and get back F.

From equation (6.7) it follows that the point spread function S must be normalized such that

foo 2nrS(r)dr = 1. (6.8)
0

Another requirement is that the surface brightness minus the background cannot be negative, u(x,y) —

o = 0. In order for that to hold, the PSF S must be non-negative as well, so that
S(r)=0, VreR;. (6.9)

Combining (6.8) and (6.9) implies that S is a probability distribution over (x, y), which can be seen as

a consequence of photon conservation.

Let us define a symmetric function f that is at maximum at radius ry = 0. The half width at half
maximum (HWHM) is then given by ry,, € R such that f(r2) = f(ro)/2. The FWHM of f can then
be calculated to be twice the HWHM,

FWHM =2 x HWHM, (6.10)

which corresponds to the width of the function where its value is half of the maximum.
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AU J010013.0283 + 280225.8446

Figure 6.8: Example of a fitted source centre via the method of non-linear least squares, where the
orange lines represent the fitted centre.

6.1.5.2 Using the PSF to obtain the flux

In order to fit for the flux of a source, we take a circular area of radius Ry,x = 2”4 around it. The flux
is then obtained via non-linear least squares by fitting the observed pixel data to the generated pixel
data of a point source with PSF § as a function of flux. Details on the flux and magnitude calculations
are presented in Section 6.5 and 6.4. One could also think of it as the sum over the pixel fluxes within

the postage stamp. This will give incorrect results when the source is not a point source.

In general, we separately fit for the following:

1. PSF flux: fit the flux of the central source
2. Source centre: fit the location of the central source

3. PSF flux + source centre: fit the flux and the location of the central source

So for the central source of interest we separately fit the PSF flux, the source centre and the PSF flux
+ source centre. In the first option we take the input location of the source (i.e. from one of the
surveys’ databases) as fixed and fit the PSF flux for that fixed position. This can give low PSF fluxes

if e.g. the source has moved between two surveys or generally is not at the specified location.

That is why we add the second option, where we take the database flux of the source as fixed and fit
for the position of the source. This should give a lower chi-squared value compared to the first option
if the source has moved from the input location while having the same flux. Hence, fitting for the
source centre helps us to find sources that have moved compared to e.g. a survey’s database location.

A fitted source centre of a postage stamp is shown in Figure 6.8.

In the third option, we fit for both the PSF flux of the central source and for its position. This should

give the lowest chi-squared value of the three. If it is much lower than the first fit, then we know that
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the source has moved from the input location. If it is much lower than the second, then we know that

the database flux of that source is incorrect.

For all of the three options above it holds true that we fit the PSF flux of the sources that are nearby
the central source - that is, for sources in the postage stamp at radius r > Rycp. This is so that their

flux does not interfere too much with the central chi-squared calculation within Ryecp.

6.1.6 Calculate the quasar probability and find the best fit quasar SED

We use the database photometry as the input for our calculations. Whenever no database photometry
is available, we use the calculated PSF photometry instead. In the majority of cases, the database

values are only absent when the source is very faint and so has not been detected by the survey.

The method to obtain the quasar probability and the best fit quasar SED and redshift is described in
Section 7.1. We build on the codebase Pq_server from (Euclid Collaboration, 2019).

For the surface density of the high-redshift quasar population, Euclid Collaboration (2019) use the
QLF of Jiang et al. (2016) and take k=-0.72. The surface density of quasars at J ~ 22 is much lower
compared to that of the contaminants, with the density being of order ~ 10~3 lower compared to that
of MLT dwarfs and ~ 107> to that of ETGs.

The template SEDs were obtained from a set of quasars at 0.1 < z < 4.0 from SDSS DR7 (Schneider
et al., 2010), cross-matched with NIR data from UKIDSS (Lawrence et al., 2007) and WISE (Wright
et al., 2010). Using synphot (STScl Development Team, 2018), Euclid Collaboration (2019) then
use the transmission filters of the surveys together with the template SEDs to obtain the colours and

k-corrections at different redshifts.

Temple et al. (2021) show that dust reddening can significantly distort the template quasar colours
from Euclid Collaboration (2019). These reddened colours of quasars at 7 < z < 8 are similar to
the predicted colours of ETGs. Therefore, such high-redshift quasars would likely be misclassified
as ETGs in our pipeline. The same goes for high-redshift quasars with weak emission lines. This
is slightly concerning since we are interested in the highest redshift quasars. In future, such models

could be included in the SED templates of quasars.

For the MLT dwarf contaminants, Euclid Collaboration (2019) assume them to be members of the
Galactic thin disk. The authors expect that Euclid will be able to observe some of the thick disk
population at faint magnitudes, though they find that the largest population of contamination for high-
redshift quasars are types 72 — 74, which will only be visible to ~ 450 pc with J < 24. The individual
number densities and spectral colours of the modelled MLT dwarf types M0 — T8 can be seen in Table
2 in Euclid Collaboration (2019).

Euclid Collaboration (2019) derive the colours of the individual MLT dwarfs from measuring their

respective median colours in the SpeX Prism Library Burgasser (2014). For types M0 — M6, the
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Source reconstruction
J092036.65+093407.9, Passband=r

Reconstructed Image

Source reconstruction
J092036.65+093407.9, Passband=)

Reconstructed Image Residual image

Original Image

Figure 6.9: Reconstruction of nearby sources in the original postage stamp in r and J, before the central source gets reconstructed. The nearby
sources are encircled in the plot on the left. The middle plot shows the reconstructed image before the central source flux is fitted, and the plot on
the left shows the difference between the original image and the residual image.
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number densities are derived from the luminosity function of Bochanski et al. (2010). For types
M7 — M9, the number densities are extrapolated from Cruz et al. (2007). Cruz et al. (2007) arrive at
a number density which combines M7 — M9. Euclid Collaboration (2019) then take this combined
number density and approximate the individual number densities M7 — M9 by assuming a linear
variation over the types M7 — LO. For types L and T (LO — T'8), the number densities are obtained
from the UKIDSS LAS LT brown dwarf sample of Skrzypek et al. (2016).

For ETGs, Euclid Collaboration (2019) use the quiescent objects at redshifts z = 1 — 2 of the COS-
MOS dataset (Laigle et al., 2016), with J > 22 at an aperture of 1”. From this data, the authors infer
two populations of formation redshift in the ETG dataset, z; = 3 and z; = 10. Euclid Collaboration
(2019) use this information together with the spectral evolution from Bruzual & Charlot (2003) to
calculate their respective colours.

Their surface density as a function of J-band magnitude and redshift is obtained by fitting the maxi-

mum likelihood to the dataset.

6.1.7 Reconstruct postage stamps

Once the best fit quasar SED has been obtained, we can completely reconstructed the postage stamps.
We reconstruct each postage stamp as in equation (7.11) with K number of sources in the postage
stamp. Note that for the central source of interest we are using the best fit quasar flux as obtained in
the step above, whereas for the remaining sources in the postage stamp we are using the calculated

PSF photometry. The reconstruction of nearby sources is shown in Figure 6.9.

Also note that we do not reconstruct sources that are within a radius of Ry, from the centre. The
idea behind Ry, is that we do not want to fit sources that are too close to the central source. Rather,
such candidates should be rejected as they make the photometric information of the central source

unreliable.

6.1.8 Calculate goodness of fit

The individual reduced ¥; and the overall reduced average y* values of the high-redshift quasar model

are calculated as described in Section 7.2.1 in equations (7.8) and (7.9).

We calculate the goodness of fit of the quasar model starting from the centre of the postage stamp
over a circular region of radius Ry = 172. This radius gave us the best results in performance. If the
radius is too large, the resulting chi-squared value gets blurred by the background pixels and hence
is less informative. If the radius is too small, it does not encompass the central source and further is

not able to detect any apparent motion of the source. This is shown in Figure 6.10, which shows the
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(a) Original

(b) Residual
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(c) Chi-squared pixel values

Figure 6.10: The original image (top), residual image (middle) and the chi-squared pixel values (bot-
tom) of J092036.65+093407.9, using the best-fit quasar SED photometry. The chi-squared pixel
values are shown over a circular region of radius Ry = 1”2 from the centre.
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J092036.65+093407.9 (a =140.1527 deg, 6 = 9.5689 deg)

Classification: IRu, Redshift: 5.57, Pquasar: 0.998
¥ 102, 32 061, 2. 1.65

My, =25.67+0.55  mgp=2517+0.67 myp=22.95+029 my=21.84+0.19 myp=2059+021 mg=2030+012 my=2073%012

Magnitude [ABL: ¢ " 21184079  Fap= —0.03£0.40 Fay=2.33%0.65 Fap=6.63+1.16 Fap=2108+420  Fap=27.61£311  Fup=1864%215
Flux [y] Mesic=25.69£0.57  Meaic=25.40£0.57  Meic=23.09%027  Meac=21.93£0.19  Meoc=2082£0.25 Meae=20.55£0.11  Megrc=20.580.10  Meae =20.73£0.33  Mege = 20.65 £ 0.19
Fesie=—121£084  Feye= —0.184£0.36 Feac=2.02£055  Feic=6.05£110  Fac=16.91£8.04  Feae=21812229  Foe=2119%1.93  Foc=18.61£563  Fore=19.90 £3.54
Pred. flux [ulyl; Forea =0.00 Forea = 0.00 Forea =124 Forea =623 Forea = 1877 Forea = 22.13 Forea = 18.12 Forea =18.08 Forea =17.33
X XX, ) =0.94(0.94) x*(xF,)=0.83(0.83) X*(xf,.)=1.00(1.00) X*(xf,)=1.04(1.04) x(x%,)=0.84(077) x2(t%,)=0.61(0.61) x2(t%,,)=1.45(1.39) X*(¥f,.)=1.50(146) x*((3,,)=1.01(0.99)
max{x3.} max(X3} =367  max(X3}=690  max{(x3}=598  max(x3}=318  max(X3}=730  max(X3}=419  max(x3}=1548  max{(x3}=7.64  max{x3}=763
X =087(073)  xZ,,=082(078)  x2,=0.95(0.94)  xZ,=105(1.04)  x2,=084(077)  xZ,=0.61(0.61)  xZ,=139(133)  x2,=150(145  x2,=100(0.97)

My, =2402£076 mup=2383+033  my=24.01%0.49 Mgy =20.92 +020
Fap=057+0.81 Fgp =096 +0.35 Fgp=0.69 +0.50 Fgp=6.84£0.81 Fgp=15.33£2.97

Magnitude [AB]

Flux (] Meatc=23.97£073  Mee=23.75£029  Meate =24.17 2041 Meae =21.69£0.11  Mearc =20.99 £ 0.19
Fec=0.62£080  Feye=1.05£033  Fac=0.542039  Feye=7.62£079  Feac=14.32£273

Pred. flux [uly): Forea =0.00 Forea =0.00 Forea =124 Forea =623 Forea =18.77

Xz XP0F,,)=114(114) x2(0x3,)=1.37(137) X204, )=1.09(1.04) X2, )=0.92(0.91) X2(x3,)=0.96(0.96)

max{x3.} max{(2}=7.54  max{x3}=339 max{x2} =521 max{x2} =4.55 max{x2,} =4.92
X2w=1120108)  X2,=094(093)  x%,=1.000098) X, =082(0.80) X205 =0.90(0.90)

Map=2511%0.68 me=2506+0.56 muy=2326+023 my=2214+0.15 my=21.05+0.23

Magnitude [ABL: ¢ " 20502071 Fay=0.03+0.34 Far=170+041 Fan=4.99+0.72 Fap=1358+3.08

Flux (] Meatc =24.69£077  Meae=25.3320.64  Meac =23.38£020  Meae =22.19%0.16  Meae =21.07 £0.24
Faic= 0132039 Fec=1.50£033  Feac=872%072  Fee=1328+3.14
Pred. flux [uy): Forea = 0.00 Forea =124 Forea =6.23 Forea =18.77
x= XNCDN;us. =0.90(0.90) Xikw:wsv =1.65(1.65) xN_k.N;ws. =0.89(0.79) XNCNM:“.L =1.41(1.24) X:Nw:vxv =1.52(1.51)
max{Xj} max{x2,} =4.94 max{x2}=1058  max{3} =381 max{x2} =7.95 max{x2} = 6.48
Xz =0.90(0.83) X205 =1.64(1.47) X205 =0.87(0.74) X2os =1.26(1.13) X2os =1.40(1.39)

Figure 6.11: Summarised candidate J092036.65+093407.9. Photometry with the subscript ‘db’ is obtained from the database, and photometry with
the subscript ‘calc’ is calculated with our data processing pipeline. Fiyq is the best-fit quasar SED flux. y* represents the chi-squared value (7.8) in
each band, and kmﬂgm represents the chi-squared value where the source centre is fitted along with the flux. (The chi-squared value kwom represents the
chi-squared value where we use our calculated photometry instead of the best-fit quasar photometry, and hence this is a test against the morphology

and stationarity of the source. We do not use this chi-squared value in any of our subsequent analysis.)
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source J092036.65+093407.9 with its residual using the best-fit quasar SED photometry at the top,

and the chi-squared pixel values at the bottom.

We repeat these steps with the difference that now the source centre of the central source is fitted
as well. Comparing the two chi-squared values gives further insights into the stationarity of the
candidate. The chi-squared value where the centre has been fitted will always be lower than the chi-
squared value where it was not fitted, however a large discrepancy between the two strongly indicates

that the source has moved.

6.1.9 Summarise candidate

Finally, we summarise each candidate. The information that is stored is listed in Table 6.2. Variables
with the subscript pos include a fitted source centre, whereas variables without that subscript use the

database source positions. In total, there are 70 summarised attributes per source.

We calculate )2127 as defined in (7.8). If there are multiple runs for a source then we average over them.
For a source that has n, number of single-epoch observations, we also obtain the minimum )anin =
min{x;  }pen<n, and maximum g7, = max{x; Jeesn<n, chi-squared values. We further calculate the
maximum fﬁos’max = maxL{xﬁOS,b,n}beBﬂSm chi-squared value for the case when the source’s position is
fitted as well. We convert all fluxes into units of Janskys, and all magnitudes into AB magnitudes.
These conversions are explained in Sections 6.4.4 and 6.5.2. Figure 6.11 shows the summarised
photometry, chi-squared values and quasar probability for candidate J092036.65+093407.9.

6.2 Compatible surveys

We give the detailed pipeline implementation for SDSS DR12 and UKIDSS LAS DR10. Further,
if one wants to add a new survey, one needs to adjust the database queries that are needed for the
pipeline. These include retrieving PSF parameters (if given), photometry and image IDs for a given
source location. On top of that, there will be different database flags for images that have data pro-

cessing issues.

6.2.1 SDSS

SDSS uses the Sloan Foundation 2.5m telescope at the Apache Point Observatory in New Mexico. It
has a wide-field CCD camera including five filters u, g, r, i, z. These range from the optical towards
the near-infrared spectrum. SDSS has imaged 35% of the night sky. The broadband filters of SDSS
together with their magnitude limits can be seen in Table 6.5. The data releases of SDSS with quasar

discoveries can be seen in Table 6.6.



128 Chapter 6. Data processing pipeline

SDSS filters | u g r i Z
Effective wavelengths (A) | 3511 4686 6165 7481 8931
Magnitude limits 220 222 222 213 205

Table 6.5: Effective wavelengths and magnitude limits of SDSS (Gunn et al., 1998)

Data Release \ Discovered Quasars

DR7 105,783
DR12 (BOSS) 270,000
DR14 (eBOSS) 144,046

Table 6.6: SDSS Data Releases with quasar discoveries.

6.2.1.1 Image properties / source identifier

The camera consists of an array of 30 SITe/Tektronix CCDs each of 2048 by 2048 pixels (Gunn et al.,
1998). The telescope moves along great circles with an exposure time in each filter of 54 seconds.
Figure 6.12 shows the structure of the SDSS camera. The rows correspond to the five passbands u,

g, 1, 1 and z and the columns represent the six different scanlines. Each SDSS image can be uniquely

Figure 6.12: SDSS camera arrangement. Figure taken from Gunn et al. (1998)

identified by the following quantities

® 1run

camera column (camcol)

o field

passband



6.2. Compatible surveys 129

e rcrun

The specific scanline in the camera is identified with the camcol number which ranges from 1 to
6. Within the scanline the passband defines a specific measurement image. The rerun number then
defines how the original image was processed. Hence, for one original measurement there can be
multiple images with different rerun numbers that have been processed in various ways. The several
different scans can be identified with the run number. The field number corresponds to the index of

the different measurements for each run. This is further illustrated in Figure 6.13.

run

-]Illl
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Figure 6.13: Illustration of SDSS’ identifiers of run, camcol and field. They define a specific scanline
within a measurement.

6.2.1.2 Querying the database

We use the SDSS Data Release 12 (DR12)*. Image identifiers and other catalog data can be retrieved
via the Catalog Archive Server (CAS) through SkyServer’. The astronomical image for a given

identifier can then be downloaded from the Science Archive Server (SAS)®.

The following Python libraries are used to fetch the data from the servers:

e urllib’

e wget?

where urllib is a library that enables to parse and fetch URLs, while wget allows to download

content from servers via different protocols.

4See http://skyserver.sdss.org/drl2/en/help/browser/browser.aspx for the schema browser
Shttp://skyserver.sdss.org/dr12/en/home.aspx

Shttps://drl2.sdss.org/home

7https ://docs.python.org/3/library/urllib.html

8https://pypi.org/project/wget/


http://skyserver.sdss.org/dr12/en/help/browser/browser.aspx
http://skyserver.sdss.org/dr12/en/home.aspx
https://dr12.sdss.org/home
https://docs.python.org/3/library/urllib.html
https://pypi.org/project/wget/
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Figure 6.14: Communicating with SDSS’ servers to retrieve images corresponding to a given location.
First, the Catalog Archive Server (CAS) is queried in order to retrieve their identifiers. These quadru-
ples then are used to create a URL for downloading the specific images from the Science Archive
Server (SAS).

Retrieving image identifiers: The following query is used to retrieve the unique identifiers for a

given right ascension (ra) and declination (dec) location,

SELECT DISTINCT TOP <max_entries> p.run, p.rerun, p.camcol,

p.field, p.ra, p.dec

FROM PhotoObjAll p

WHERE (p.ra BETWEEN <ra> - <radius> AND <ra> + <radius>) AND
(p.dec BETWEEN <dec> - <radius> AND <dec> + <radius>)

GROUP BY p.run, p.rerun, p.camcol

where the radius is typically one arcsecond and the maximum amount of entries is 10. This gives
the run, rerun, camcol and field number of unique images that contain the source at «, 6. In this case
we identify a source image by their run, rerun and camcol number. Since each field overlaps by 128
pixels with adjacent fields, the same source can fall between two field numbers. As only one of these

images is wanted, the field number is removed from the identifier for a given location.

In our database query we also test for database flags that would indicate data processing issues. For
SDSS, images with the following flags are not downloaded: PSF_FLUX_INTERP, BAD_COUNTS_ERROR,
COSMIC_RAY, BADSKY, MAYBE_EGHOST, MAYBE_CR, EDGE, INTERP_CENTER and DEBLEND_NOPEAK.

Downloading images: After a set of run, rerun, camcol and field numbers have been acquired from
CAS, they are parsed to an URL that can subsequently be used to download the images in all broad-
band filters from the Science Archive Server (SAS). The URL has the following structure

https://drl2.sdss.org/sas/drl2/boss/photoObj/frames/<rerun>/
<run>/<camcol>/frame-<passband>-<run(6)>-<camcol>-<field(4).fits.bz2
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where <> indicate the placeholders for the various variables, with (4) and (6) meaning that the number

is filled up to 4/6 characters.

Photometry For all passbands, the magnitude and flux together with their errors for every source is

retrieved via the following,

SELECT p.u, p.g, p.r, p.i, p.z,
p.err_u, p.err_g, p.err_r, p.err_i, p.err_z,
modelFlux_u, modelFlux_g, modelFlux_r, modelFlux_i, modelFlux_z,
modelFluxIvar_u, modelFluxIvar_g, modelFluxIvar_r,
modelFluxIvar_i, modelFluxIvar_z
FROM PhotoObj p
WHERE (p.ra BETWEEN <ra> - <radius> AND <ra> + <radius>) AND
(p.dec BETWEEN <dec> - <radius> AND <ra> + <radius>)
AND p.run=<run> AND p.rerun=<rerun> AND p.camcol=<camcol>
AND p.field=<field>

SDSS stores the errors in the fluxes as inverse variances k, which have to be transformed to standard

deviations o via
k = — (6.11)
>0 = - (6.12)

The magnitude errors are already stored as standard deviations.

6.2.2 UKIDSS

UKIDSS is a near-infrared sky survey using the UKIRT telescope and WFCAM wide field camera
(Lawrence et al., 2007). It is located in Hawaii where it has observed 7500 square degrees of the
Northern sky. From that, the Large Area Survey (LAS) covers 4000 square degrees in the infrared
wavelength bands Y, J, H, K. This area had previously been observed via SDSS in optical filters.

6.2.2.1 Image properties / Source identifier

The WFCAM consists of four Rockwell Hawaii-II 2048 x 2048 CCDs in the filter bands J, H, K and Y

(Casali et al., 2001, 2007). The arrangement can be seen in Figure 6.15. The observations in the four
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Figure 6.15: Alignment of the WFCAM. Figure taken from Casali et al. (2007). Four Rockwell
cameras are mounted with an auto-guider in the centre.
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Figure 6.16: Image identifiers of UKIDSS

filter bands are carried out separately and are then tiled together to form a coverage of 0.75 square

degrees. Each UKIDSS image can be uniquely identified via

e multiframeID
e extnum

e filterID

where mul tiframeID is the unique id of the relevant multiframe, extnum the extension number of
the multiframe and filterID the id of the passband. Different extension numbers contain different
metadata of an image. The first extension includes metadata that is true for all objects in the multi-
frame (e.g. the passband), whereas the subsequent extensions have metadata for individual detectors.
Hence extnum from 2 to 5 give the image within a multiframe. This can be seen in Figure 6.16. In

this example the extension number of the detector in the left bottom corner corresponds to number 4.
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6.2.2.2 Photometry

UKIDSS includes a set of 13 circular-aperture fluxes and magnitudes of fixed aperture size. All of the
fluxes in pixels have been scaled according to the fraction of the pixel enclosed. Typically the most

accurate flux and magnitude are aperFlux3 and aperMag3.

6.2.2.3 Querying the database

In order to retrieve information about the UKIDSS LAS survey, we query the WFCAM Science
Archive (WSA) ° (Hambly et al., 2008) with the specific database of UKIDSSDR10PLUS.

The following Python libraries are used to fetch the data:

e urllib
e optparse

e wget

The Python package urllib is used to fetch data via URL requests. optparse is used to parse the
SQL queries into URL format. wget allows downloading content from the web.

Retrieving image identifiers: The following SQL query retrieves the UKIDSS LAS image identi-

fiers for a given location at right ascension (ra) and declination (dec):

SELECT DISTINCT m.multiframeID, m.filterID, d.extnum

FROM lasDetection s, Multiframe m, MultiframeDetector d

WHERE (s.ra BETWEEN <ra> - <radius> AND <ra> + <radius>) AND
(s.dec BETWEEN <dec> - <radius> AND <dec> + <radius>) AND
s.multiframeID = m.multiframeID AND
m.multiframeID = d.multiframeID AND

d.extnum=s.extnum

This gives us the identifiers of the multiframe id, filter id (passband) and the extension number. The
filter id for each passband is encoded and listed in Table 6.7: For the LAS survey, we only make use

of the numbers 2 — 5.

In our query we also test for database flags that would indicate any data processing issues. For
UKIDSS, we require that ppErrBits < 256 and errBits < 8.

‘http://wsa.roe.ac.uk/


http://wsa.roe.ac.uk/
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Passband | Filter ID
Z 1
Y 2
J 3
H 4
K 5
H2 6
Br 7

Table 6.7: Filter ID for each UKIDSS passband

Downloading images:

1. First, a HTTP GET request is made in order to retrieve the web pages that contain information

to download the images,

http://surveys.roe.ac.uk:8080/wsa/GetImage?database=UKIDSSDR1OPLUS&
programmeID=101&sys=]&ra=<ra>&dec=<dec>&filterID=all&obsType=object&

frameType=stack&mfid=&xsize=<width(arcsec)>&ysize=<width(arcsec)>

where sys=1J corresponds to the J2000 coordinate system and filterID=all allows to down-
load all images in all passbands corresponding to that source. <width> is given in arcseconds,
with a default value of width = 1. Note that the link only uses information about the location

of the source in order to download their images. The following is an example of such an URL,

http://surveys.roe.ac.uk:8080/wsa/GetImage?database=UKIDSSDR1OPLUS&
programmeID=101&sys=]&ra=0.0165&dec=-1.1373799999999998&
filterID=all&obsType=object&frameType=stack&mfid=&xsize=1.0&ysize=1.0

2. The HTML response is then parsed to retrieve another web page for the image which contains
information about the location and the final URL to download the FITS file.

3. The HTML result is then parsed to retrieve the URLs for downloading the images. The URLs

have the following form:

http://wsa.roe.ac.uk/cgi-bin/getFImage.cgi?file=/disk<disk>/
wsa/ingest/fits/<filename>. fit&mfid=<mfid>&extNo=<extno>&
1x=<1x>&hx=<hx>&1ly=<1y>&hy=<hy>&rf=<rf>&flip=1&uniqg=<uniq>&
Xpos=<xpos>&ypos=<ypos>&band=Y&ra=<ra>&dec=<dec>

An example of such an URL is given below,
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http://wsa.roe.ac.uk/cgi-bin/getFImage.cgi?file=/disk20/
wsa/ingest/fits/20050921_v1/w20050921_01495_st.fit&mfid=268655&extNo=1&
1x=946&hx=1096&1y=425&hy=575&r{=270&flip=1&uniq=1622_785_16_71151_1&
Xpos=75.7&ypos=76.1&band=Y&ra=0.0165&dec=-1.13738

These can then be downloaded via wget or other libraries. Note that we cannot directly skip to

step 3 since the last URL contains information that is not queriable from the database.

Photometry The following query is used to retrieve the fluxes and magnitudes of the UKIDSS

sources,

SELECT s.ra, s.dec,
s.aperMag3 as ’<passband>’, s.aperMag3err as ’err_’+’<passband>’,
s.aperFlux3 as ’'modelFlux_’+<passband>,
s.aperFlux3err as ’'modelFluxVar_’-+<passband>,
d.aperCor3, d.skyCorrCat

FROM lasDetection s, Multiframe m, MultiframeDetector d

WHERE s.ra BETWEEN <ra> - <radius> AND <ra> + <radius> AND
s.dec BETWEEN <dec> - <radius> AND <dec> + <radius> AND
s.multiframeID = m.multiframeID AND m.multiframeID = d.multiframeID AND
d.extnum = s.extnum AND
m.multiframeID = <mfid> AND d.extnum = <ext_no> AND
m.filterID = <filter_id>

The UKIDSS datbase stores both flux errors and magnitude errors as standard deviations. The pho-
tometry is calculated via successive sizes of circular apertures, where aperMag3 and aperFlux3

correspond to a diameter of 2" which is the default aperture.

6.3 Implemented point spread functions

The Point spread function (PSF) is explained in detail in Section 6.1.5.1. The PSF models that are
used here are illustrated together with their cumulative distribution in Figure 6.17 and are explained

in the following.

For SDSS we use a Moffat-combined function for the PSF as stated below (Xin et al., 2018). The
best-fit parameters are queried from the database for each source. Another PSF the SDSS database
offers is a two-Gaussian fit, which we implement here as well but do not use. UKIDSS only stores

the FWHM in its database, which we use to approximate the PSF with a single Moffat function.
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Figure 6.17: An example of the different point spread functions for SDSS (Moffat-combined) and
UKIDSS (Moffat-single) that have been normalized. The following parameters were used for this
plot: (1) Moffat-combined: oy = 1.3,0, = 3.0,0p = 2.5,py = 0.1,8 = 3.6,b = 0.03; (2) Moffat-
single: @ = 5.49,8 = 5. On the left the individual PSFs are plotted on top of each other. The right
side shows the cumulative distributions of these PSFs.

We also show a Gaussian and Two-Gaussian PSF which we used initially as our PSFs before we had
implemented the Moffat PSFs. A Moffat(-combined) PSF is a better representation of a point source
than a Gaussian or Two-Gaussian and hence we use that. But our pipeline is able to model the other
two PSFs as well.

If one wanted to use an empirical PSF instead, one could make use of EPSFBuilder from the
photutils library (Anderson, 2016). Another library one could use is PSFEx (Bertin, 2011). In
both cases, one could use a set of image cutouts of bright isolated stars to arrive at an empirical PSF
for each band. Specifically, we could use a set of likely high-redshift quasar candidates to obtain an
empirical PSF. This would make the flux calculation of high-redshift quasars more accurate. In re-
turn, this would make it easier to distinguish between quasar and contaminant models. However, the
disadvantage is that one could not use that PSF for any other survey. The other disadvantage is that
the PSF fluxes of the contaminant populations could be incorrect which could lead to false positives.
Since we have already implemented the database accesses for both SDSS and UKIDSS, we decide to

use the PSF information from their databases instead.
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Figure 6.18: Examples of three different point spread functions that have been normalized. The
following parameters were used for the PSFs: (1) Gaussian: o = 1.8, (2) Two-Gaussian: oy = 1.7,
0, =35 R=0.2,3)Moffat: oy = 1.3,0, =3.0,0p = 2.5, pp = 0.01,8 = 3.6,b = 0.03. On the left
the individual PSFs are plotted on top of each other. The right side shows the cumulative distributions
of these PSFs.

6.3.1 Gaussian

The point spread function can be modelled via a Gaussian function as

n 1 /7\2
S(rio) = | % exp|-= —) . 6.13
(r0) \ﬂexplz(a} (6.13)
The standard deviation of the Gaussian can be obtained from the FWHM via
FWHM =2 N21In20 (6.14)

An example of a Gaussian PSF is shown in Figure 6.18.

6.3.2 Two-Gaussian

A representation with more heavy wings is given by a combination of two Gaussians as (Gunn et al.,

1998)
2
exp [—% (Uil) ” (6.15)

where {K, 01, 0} the parameters of the Two-Gaussian, with K representing the ratio between the two

1 1 1{r\ 1
(r: Ko, 2) 2 ( ) { V2ro, exp[ 2 (0'2) l V2o

overlapping Gaussian functions. This is shown in Figure 6.19a. The two Gaussian functions have the
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Figure 6.19: Two Gaussians with different o form a point spread function.

same mean, but a different spread. Hence, together with the ratio K, the tails can be modelled to be
more extended while the central peak can remain high. The PSF as the sum of the two Gaussians can
be seen in 6.19b for the case that K = 3.

6.3.3 Moffat

We would like to make a more accurate fit via the Moffat distribution, which is given by

1 27
S (rap)= oo [1 +(§)] , (6.16)

where r the radius and {a, 8} the parameters of the point spread function (Moffat, 1969). The nor-

malization factor is defined as — = 221, A comparison with a Gaussian PSF can be seen in Figure

IS~ an
6.20.

As § is a probability distribution, we have S (r; @, 8) > 0 and 27 fom rS (r;a,B) dr = 1. This gives

-1 00
P 227r‘f r
QT 0

In order for the left hand side to be finite, the integral must converge, and hence S cannot be negative

1+ (1)2]_ﬂ dr=1 (6.17)

(0

or zero. Non-negativity of S implies that 5 has to be larger than 1. Further, @ cannot be zero,

1. >1

2. a#0
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Figure 6.20: Moffat vs Gaussian PSF for the same FWHM. The Moffat distribution is shown for
different 8 values. As S increases, the Moffat distributions gets closer to the Gaussian distribution.

The parameters a and S of the Moffat PSF can be obtained from the FWHM, which is retrieved from
the FITS file. We select 2000 stars from UKIDSS LAS and for each we fit 8 in every passband. Then,
we bin the FWHM values into 8 bins and create a map that gives the average § value for each of those
bins. This map is then used to retrieve an interpolated 8 value for each FWHM. The parameter « can
then be calculated via the FWHM,

FWHM = 2a V25 -1 (6.18)
FWHM
—a = (6.19)

2 V2IF -1

Therefore, only 8 needs to be fitted for a fixed FWHM value.

This can in theory be done for any survey that has seeing / FWHM information available. We do not
use this for the SDSS dataset as information of a Moffat-combined PSF is already available in their

database.

6.3.4 Moffat-combined

An even more sophisticated PSF is given by Xin et al. (2018),

S(r, b, Po,ﬁ,O'l’ (O O_P)

1 on- 4 Jeron[- om0
ISl 1+b+ po :

where again r is the radius and {b, py, 8, 01, 02, 0 p} the parameters of the point spread function. This

function shows power-law wings similar to a Moffat function.
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Figure 6.21: Database magnitudes vs calculated magnitudes for SDSS. The set of ~ 4300 source
locations is obtained from Mortlock et al. (2012). The blue dots represent the magnitude and the red
bars represent the error bars. ZP represents the zero-point magnitude. The shaded area represents the
median standard deviation of the magnitudes of the central brown line.

6.4 Magnitude calculations

We explain how we obtain the magnitude from the calculated flux. The magnitudes are not used
for the quasar probability calculation. Instead, linear fluxes are used for that. However, we add the
magnitude calculations for completeness. They can also further be used to obtain spectral colours. In

addition, asinh magnitudes allow us to represent negative fluxes.

Figures 6.21 and 6.22 show the database magnitudes plotted against our calculated magnitudes for
each band in SDSS and UKIDSS respectively. These magnitudes have been plotted for a set of
source locations that has been obtained from Mortlock et al. (2012). We can see that for bright
sources m < 21 the calculated magnitudes are nearly the same to the database magnitudes, while the
error increases for fainter magnitudes as expected. The majority of data points lie within the median

standard deviation of the magnitudes of the central brown line.
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Figure 6.22: Database magnitudes vs calculated magnitudes for UKIDSS. The set of ~ 4300 source
locations is obtained from Mortlock et al. (2012). The blue dots represent the magnitude and the red
bars represent the error bars. ZP represents the zero-point magnitude. The shaded area represents the
median standard deviation of the magnitudes of the central brown line.
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6.4.1 Pogson vs asinh magnitude

We explain Pogson magnitudes and asinh magnitudes, which are used by UKIDSS and SDSS respec-
tively.

6.4.1.1 Pogson magnitude

The Pogson magnitude (Pogson, 1856) is defined as
F
Fy

where F the flux in some arbitrary units. F is the reference flux (in the same flux units) that per
convention corresponds to a magnitude of zero. We can see that if F = F, thenm = -2.5 log,,(1) =0
as expected. The relation between the reference flux Fy and the corresponding zero-point magnitude
ZP is given by

ZP = -2.5 log,, (Fp). (6.22)

One can then rewrite equation (6.21) as
m= =25 log,,(F)—-ZP (6.23)

Different magnitude systems use different calibrated zero-points.

Vega magnitude system The zero-point magnitudes in the Vega magnitude system are defined as

the flux of Vega in a given band. That is, the zero-point magnitude is different in each band.

AB magnitude system The AB magnitude system is defined as the Pogson magnitude (6.23) with
a zero-point magnitude of ZP = —48.6 in every band (Oke & Gunn, 1983),

mag = —2.5 loglO (F) + 48.6, (624)

where the flux is in units of ergs cm™2 s~! Hz™!.

Rearranging equation (6.22), we can obtain F to be

Fy = 10725 ergs cm2 s Hz™! (6.25)
= 3.6307805...x 107 ergs cm™2 s™! Hz™! (6.26)
~ 3631 x 107 ergscm™ s Hz™! (6.27)

= 3631Jy (6.28)
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A Jansky (Jy) is therefore defined as

1Jy=10%ergscm s Hz™! (6.29)

Using this zero-point reference flux of Fy = 3631 Jy in every filter, we can rewrite equation (6.24) to
be

F
Map = —2.5 1ogm(¢), (6.30)

where Fjy the flux in units of Jansky. Note that from the derivations above it follows that Fy = 3631

Jy is an approximation to the true zero-point reference flux.

6.4.1.2 asinh magnitude

The asinh magnitude is defined as (Lupton et al., 1999)
m=—a [sinh—1 (i) +1n (b)] 6.31)
- 2b ’ ‘

where a a constant, and b the softening parameter which corresponds to the flux above which linearity

sets in.

6.4.1.3 A comparison between the two magnitudes

Since the Pogson magnitude takes the logarithm of the flux, it cannot handle negative fluxes. As
lim,_, log;,(x) = —oo, the Pogson magnitude of faint objects varies a lot due to the steep gradient. In
contrast to the Pogson magnitude, the asinh magnitudes can capture negative fluxes and does not vary
too much at low S/N. This is illustrated in Figure 6.23. At high S/N, Pogson and asinh magnitudes
are the same. While the Pogson magnitude tends to inifinity at low flux levels, the asinh magnitude

rises steeply but stays finite.

6.4.2 SDSS asinh magnitude calculation

2.5
In(10)

parameter b that is measured relative to Fy (Stoughton et al., 2002). The softening parameter b for

SDSS uses asinh magnitudes as in (6.31), using the constant a = and a dimensionless softening

each passband is given in Table 21 in Stoughton et al. (2002). This gives

25 . .1 (F/Fo
Maginh = —m [smh ( 75 )+ ln(b)]. (6.32)




144 Chapter 6. Data processing pipeline

30§
—— Pogson 301 Pogson
—— Asinh —— Asinh

29

N
o]
|

N
o3}
L
N N
~ o
I L

Magnitude
N
=

Magnitude
N
=~
N
w

N
N
)
N
=

N
W
L

20

-10 -5 0 5 10 -3 -2 -1 0 1
Flux Flux

Figure 6.23: Comparison between Pogson (blue) and asinh (green) magnitudes. At higher flux levels,
the two magnitudes coincide. At very low signal-to-noise ratios, the Pogson magnitude tends towards
infinity, whereas the asinh magnitude keeps finite values. Moreover, the asinh magnitude is able to
capture negative fluxes which is not possible with Pogson magnitudes.

6.4.2.1 Error in the asinh magnitude

Starting from equation (6.32) for the asinh magnitude, one can calculate the error in m,g,, via error

propagation

dm 2
asinh
G,znmh:( o7 ) oF (6.33)

where f, the flux, is the only variable parameter. The derivative of m with respect to f is given by
dmasinh _ 2.5 1

dF ~  1n(10) bE, [T= 14

2 2
b F]

(6.34)

6.4.3 UKIDSS Vega magnitude calculation

UKIDSS uses the Vega magnitude system, where the Pogson magnitude is used as in equation (6.23)
including various correction terms. The calibrated magnitude is then calculated via the following,

FAD

Myega = ZP — 2.5 loglo( U) — aperCor3 — skyCorrCat — extCorr (6.35)

where Fapy the flux in Analog-to-digital unit (ADU) units, ZP the zero-point magnitude (flipped
sign), t the exposure time, aperCor3 the aperture correction, skyCorrCat the sky correction and

extCorr the extinction correction.

The aperture correction term aperCor3 corrects for using an aperture radius of 1”. Typically, we

set aperCor3 to zero, but we also have the option to use an aperture for our flux calculation. The
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extinction correction is calculated as

Start + amEnd
extCorr = k |21 Zam e (6.36)

The correction factors and information on how they are extracted are stated in Table 6.8.

Database analogue
FITS Keyword (Multiframe - m,
Description (hdul index) MultiframeDetector - d)
Exposure time EXP_TIME (0) expTime (m)
Airmass at start of observation AMSTART (0) amStart (m)
Airmass at end of observation AMEND (0) amEnd (m)
Zero point magnitude MAGZPT (1) photZPCat (d)
Zero point magnitude error MAGZRR (1) photZPErrCat (d)
Percentage sky correction PERCORR (1) skyCorrExt / skyCorrCat (d)
Extinction coefficient EXTINCT (1) extinctionExt /extinctionCat (d)
Stellar aperture correction
(ApertuI;e: r = 1 arcsec) / aperCors3 (d)

Table 6.8: Information on variables that are needed for correcting the measured flux. The second col-
umn represents the keyword in the image FITS file including the hdul index in which the keywords
are stored. The third column shows the database analogues taken from the Multiframe and Multi-
frameDetector database table.

6.4.3.1 Error in the UKIDSS magnitude

The error in the UKIDSS magnitude can be obtained via

) _ diega 2 ) 0mVega 2 2
Timvega = dF apu TFaoo T 0ZP Tzp (6.37)
The first term is calculated as follows,
amVega 0 Fapu
e _2510 ( ) (6.38)
O0F apu O0F apu [ Bio ]
0 Fapu
- ~251 1 ( ) 6.39
aFADU[ ozi0(e) log, (= (6.39)
t 1
= =251 - 6.40
°€10(®) Fapu t (6.40)
-2.51
= — %8 (6.41)
ADU
1.08574
~oT ) (6.42)

Fapu
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where we have used the mathematical identity

log,,(x) = log,,(e) log,(x). (6.43)

The second term of equation (6.37) is obtained via

0 mVega
0ZP

=1 (6.44)

6.4.4 Conversion from survey magnitudes to AB magnitudes

For each source, we convert its SDSS and UKIDSS magnitudes to AB magnitudes.

The asinh magnitude of SDSS is intended to be on the AB magnitude system '°. However, the system
zero points could differ from the AB zero points by as much as 10% (Stoughton et al., 2002). One

therefore needs to include small corrections in # and z (Doi et al., 2010).

We can convert the magnitude in a given survey to AB magnitudes by adding an offset,
Mpp = Mgyrpey + ABfset (645)

For SDSS we have mgyyey = Maginn, and for UKIDSS we have mgyryvey = Myega. The AB offset AB e
for the different survey filters can be seen in Table 6.9, where the offsets for the Vega magnitudes have
been obtained from Table 7 in (Hewett et al., 2006).

Passband | AB offset

u -0.04

g 0.0

r 0.0

1 0.0

z 0.02

Y 0.634

J 0.938
H 1.379
K 1.900

Table 6.9: AB offsets for SDSS (u, g, . i,z) and UKIDSS (Y, J, H, K) (Doi et al., 2010; Hewett et al.,
2006).

Ohttps://www.sdss.org/dr12/algorithms/fluxcal/#SDSStoAB
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6.4.4.1 Error in the AB magnitude

From equation (6.45) we obtain the error in the AB magnitude,

) (9mAB 2 2 6mAB 2 2
O =70 | O + T 4By (6.46)

0 Msurvey ey 0AB offset

= 0 and hence, with (M) = 1, we obtain the error in the AB magnitude

We use O-AB amsul‘vey

offset

OAB = O imgyryey (6.47)

6.4.4.2 SDSS: nanomaggy to AB

The SDSS unit for flux is given in nanomaggy (nmg). A nanomaggy is 10~ of a maggy. A maggy is
a linear measure of flux density. As mentioned above, the SDSS magnitudes are designed to follow

the AB magnitude system. Looking at equation (6.30), this means that
1 mgy = 10° nmgy = 3631 Jy (6.48)

Thus, 10° nmgy correspond to an AB magnitude of about 0. This is the reference zero-point flux
Fy = 10° nmgy, which gives

f
map = -2.5 loglo (m . (649)

Via equation (6.22) we calculate the zero-point magnitude to be ZP = —22.5. We then arrive with

equation (6.23) at

mag = —2.5 10g10(1 nf ) +22.5, (6.50)

mgy

where f the flux in units of nanomaggies.

6.5 Flux calculations

We explain how we calculate the flux for a source in a postage stamp in SDSS and UKIDSS. We start
from the postage stamp, calculate the raw ADU flux, and convert this flux to standard flux units. The

standard flux units we use throughout this project are Janskies (Jy).
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6.5.1 The raw ADU flux

The flux contained within a radius r is given by

F.=F f 2nr' S (r')dr’, (6.51)
0
where F the total flux of a source.
The flux error can be obtained via
oF,\’
oy = ( o ) o (6.52)
. 2
= [ f 21’ S (r’)dr’] o (6.53)
0

We use a radius of infinity, » = oo, thus giving us F, = F. Therefore, o = 0.

Optionally, for UKIDSS we can also use a radius of r = 1”” which gives us the flux F,. This mimics
the aperture flux calculation of the same radius used in UKIDSS (aperFlux3). The error is obtained
from (6.52) to be

1[arcsec]
o = [f 2’ S(r')dr' | oF (6.54)
0

In this case, we need to include an aperture correction term aperCor3 to correct for the missing flux.

6.5.1.1 Analytical calculation of the flux

We can obtain the flux F by calculating the log-maximum likelihood value for F'. We therefore want

to solve 9log P(IM,. 6,)
0og i»0i) |
=0, 6.55
F (6.55)
where F contained in the parameters 6; of model M;. From equation (7.6) it follows that
1 dij ~ Fij(6)\’
log P(d|M;, 0;) o< — — |, (6.56)
2 2+ <r? 7
where the product of the Gaussians has been converted to a sum in log-space.
Next, we will try to bring the log-likelihood to a polynomial form of
log P(A|M;,0,) =aF>*+bF +c¢ (6.57)

where a, b, ¢ are called sufficient statistic. These sufficient statistics can be considered as weighted
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sums of the data, with increasing weight towards the source centre. Differentiating (6.57) with respect

to F and setting the result to zero to find the maximum likelihood leads to

log P(d|M;, 0; |
Olog PAIM:.6) _ » pipty (6.58)
OF
We obtain the maximum likelihood of flux F to be
b
FML = - (659)
2a

Re-arranging the log-likelihood to the form in (6.57) gives

2
1 - ) 6.60
og PIM;, 6,) = ‘-5 . 2 (6.60)
. - 2
B 1 [<ﬂ09§X+FS(l,])9 )_dij] 6.61
= a3 : (6.61)
= o
ij
1 . ..
= a-35 Z |12, 62 + F2 S i, j)? 6 + 2u0F S (. j) O+
tj
d? —2uy 6% d;j — 2F S (i, j) 6> d;;
ij px “uJ px Yij
1 2 N con 2 .o
= -5 ) PSP 6] - 2F [SG 6 diy — oSG D] +
L
(,U(Z)ng + di; = 240 6, dij)}
1 .. ..
= ¢ —Trz{pz Zs(l,J)zegX —-2F Z S, ) O (dij — o 630 |+ (6.62)
ij ij
2
PN CIRITLA }
ij
1 1
_ 2 PN o2 o)
= Fl-5 Z,S(l’f) G|+ F | = Z S (i j) 62, (dij — po 02| +
1 5 \2
C| — T"z Zjl(du —/logpx) .
Thus, a, b and c are retrieved to be
1 N R
a« = -7 leS(l, 6 (6.63)
1 ..
b= — D SGN) 6y~ p ) (6.64)
ij
1 2
c = C|— Tﬂ Z (dij — Mo HI%X) (665)

ij
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which can be plugged into equation (6.59) to obtain the maximum likelihood value of F,

= 2 S, )6, (dij — o 63)
Fur = —“22’1 SR (6.66)
T2 ZijS(l’.]) Héx
i S3, )03, (dij — 1o 63)
EEPYRICY) p‘(_zf il (6.67)
2 S (A, J) ng

6.5.1.2 Analytical calculation of the flux error

Starting from equation (6.62), we can rewrite the product of univariate Gaussians as a single Gaussian

to obtain the error in the flux,

1
i) S )% Oy

{ F2_9F [z,-j S (i) O3 (dij=o egx)] + [z,-,-<d,-,-—uo egx)z]}

8GO 1 175 o) O i S L)% 6
log PAM.0) =" -2 SRR 2 U (6.68)
0-2
1(F-F
= -t ZML) (6.69)
2 o

where we have used S (i, j) :== S [\/(xi - x)*+ (- ys)z] for readability, and c, c¢;, c3 are constants.

The variance in F is given by

1 o2

S UG5 0 Zip S 765

o3 =

(6.70)

with o being the variance of the background flux.

6.5.2 Conversion from survey flux units to Jansky via AB magnitudes

We convert the flux of a given source from the units of the corresponding survey to Jansky. We make
use of the converted AB magnitudes within that process. The database flux units in SDSS are given

by nanomaggies (nmgy), and in UKIDSS by Analog-to-digital unit (ADU) values.

6.5.2.1 SDSS: nanomaggy to Jansky

Since 1 nmgy = 3631 x 10~ Jy, we get the conversions

3631 x 107
Fyy, = X Y Fomey (6.71)
I nmgy

3631 x107°J
Ory = Yo Famgy (6.72)
1 nmgy
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6.5.2.2 UKIDSS: ADU to Jansky

We find a conversion that goes directly from ADU flux units to flux in Janskies.

In order to arrive at the converted flux in Jansky, we use equation (6.45). Plugging in equations (6.35)
and (6.30) then gives

F; Fapu
2.5 log,, 6y) - (ZP - 2.5 log,, — - aperCor — skyCorr — extCOrr) + ABosisl6.73)
Fry \7° ‘ Fapu\ ™
N — 1OZP—aperCor—skyCorr—extCorr+AB0frsel (_) 6.74
(3631Jy) ! @7
F
- FJy _ AtDU 3 63 1 Jy % 10—% (ZP—aperCor—SkyCorr—extCorr+AB(,frse() (67 5)

The last equation gives us the conversion between flux in ADU units to flux in units of Janskies.

Error in flux We take our flux conversion from equation (6.75) and calculate the error in flux via

AF, \* AF 5, \*
2 y 2 y 2
O'ij = ((9FADU) O-FADU + (aZ—P) O7p> (676)

the following

where o, the error in ADU flux and op the error in the zero point magnitude. ozp is obtained from
the FITS header with the keyword MAGZRR, which is equivalent to photZPErrCat of the database
table MultiframeDetector. We take the error in the other parameters of equation (6.75) to be zero.

We obtain the conversion from flux error in ADU units to flux error in Janskies,

2
1 2 .
O-F]y — {[; 1075 (ZP—aperCor—skyCorr—extCorr+AB0ffsel) 3631 Jy] O-%"ADU +

) | (6.77)
2 Fapu 2 (zP-aperCor—skyCorr—extCorr+ABofrct ) 2 ’
—ln(IO) g 1075 3631Jy Ozp( »
where we have used the following mathematical identity,
oa* ou
=1 w_, 6.78
0x n(a)a 0x ( )

Analogously we can obtain the error in ADU flux when converting back from Janskies. Following

from equation (6.76), we have for the error in ADU flux,

ol — (BFJy )2 2
5 B Fyy 9ZP ZP

Fapu OFy, \2 (6.79)
(5FADU)
O0F apu ? 2 OF spu ? 5
- , 6.80
( OFy, ) Try T\ Tazp | T2 (6.80)
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which gives us

g FJy

TFau = {[3631Jy
1 6.81)

_liIn (10) % F Jy 10% (ZP—aperCor—skyCorr—extCorr+ABOffset) t ’ 0_2 :
5 3631]y e[

2
O% (ZP—aperCor—skyCorr—extCorr+AB0ffse[) t] 2

Conversion from Vega magnitude to flux in Janskies We sometimes want to go from Vega mag-
nitudes directly to flux in Janskies. For this we need equation (6.30) and re-arrange it for the flux. We
then plug in equation (6.45) for the AB magnitude. This gives us the following conversion from Vega

magnitude to flux in Janskies,

Fyy = 3631Jy x 1075 (MeeatABore) (6.82)

We can calculate the flux error directly from the equation above to obtain

oFy, \* oFy, '\
2 y 2 y 2
= + . 6.83
O-ij ( amVega ) O-mvegﬂ ( aABoffset ) O-ABOHSM ( )

If we set 04p,,,, €qual to zero, we receive the flux error to be

5
Ty, = (_5 In(10) FJy) Ty (6.84)

6.6 Summary

We have shown how we process each candidate by starting from its location in the sky and ending
at a set of summarising attributes (see Table 6.2) including the flux and magnitude of the source.
We have explained how we communicate with the database of each survey to obtain images and
database photometry in every band, and how we discard images with data processing issues. We have
further shown how we calculate the flux and magnitude of each source, and how we convert them
to standardized units. This pipeline can be used for visually inspecting candidates through plotting
their postage stamps together with their summary information. Its summarising attributes can further
be used for automated high-redshift quasar classification methods such as heuristic cuts or as input

features in machine learning.



Chapter 7
Two-metric threshold classification

This chapter builds up on the work of Mortlock et al. (2012) and Euclid Collaboration (2019), where
we use Bayesian model comparison to compare models of high-redshift quasars and contaminants
based on colour information in the optical and NIR. This gives us a probability that a source is a high-
redshift quasar based on photometry alone. In addition to that, we want to test for the morphology
and the stationarity of a source, which we cannot do with photometry information alone. This is why
we apply a chi-squared test on the source images themselves, where we test if a source has moved

and if it looks like a point source. A brief summary is also given in 3.2.2.

Table 7.1: Two metrics that test different quasar properties. Bayesian model comparison as an aug-
mentation of the work in Mortlock et al. (2012) and Euclid Collaboration (2019) compares the input
colour information to the colour templates of the different populations and returns a quasar proba-
bility P,. The residual chi-squared ¥* method tests for the stationarity and morphology, and that the
obtained photometry follows the colours of one of the quasar templates.

Input Tests quasar properties Output

Photometry || SED colour templates compared to that of contaminants || Py (7.1)

Pixel/Image Stationarity, point source, SED colour templates 7% (7.9)

We make use of the available raw optical and NIR images in SDSS and UKIDSS in order to receive
a better quasar selection. From these images we extract information on the colour, motion and mor-

phology of possible high-redshift quasars. We do not take into account variability or radio-loudness.

In order to do this, we define a model on the postage stamp. Specifically, we model the pixel value
of each pixel in the postage stamp. We will refer to this as the ‘pixel-level’ model. We leverage the
following properties in our pixel-level model:

e Objects that are far away appear to be stationary

e Quasars are point-like

153
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e (Quasars have a distinct SED

Ideally, we want to develop a Bayesian model comparison approach where we include pixel-level
models of quasars and contaminant populations. This would then give us a quasar probability based
on the properties of quasars and that of contaminants. However, this is not trivial since it would be
difficult to model every population down to the pixels. For example, the light profile and morphology
of extended sources are complicated and not always known well (e.g., Anders et al. (2006)). On
top of that, calculating the likelihood over each set of model parameters would be computationally

expensive.

4 N

(& J

Figure 7.1: An illustration of a sequential process that sifts out contaminants from of a pool of can-
didates before having to manually inspect the remaining sources. This includes colour cuts, cuts in
quasar probability based on e.g. Bayesian model comparison and cuts in residual chi-squared based
on a mathematical model of a quasar. Optionally, one can optimise the classification via machine
learning techniques.

Instead, we develop two metrics that extract complementary information and approximate the ideal
solution above. The two metrics are listed in Table 7.1. By applying cuts on these two metrics, we can
classify whether a source is expected to be a high-redshift quasar or not. These cuts are subsequently

tuned to give the best possible classification performance.

On the flux level, we make use of methods from (Mortlock et al., 2012) and (Euclid Collaboration,
2019): We include flux models of contaminants and use Bayesian model comparison to find the model
that fits the data best. This gives us a probability (P,) that a source is a quasar. The approach tests
against the SED of a source but does not take into account the stationarity or a point-source like

appearance.

On the pixel level, we model a stationary point source whose SED follows that of a high-redshift
quasar and is tested by its chi-squared (§?) goodness of fit on image cutouts. This tests against sources
that are extended or move between filters, and sources that have an SED different to that of our quasar

templates. If we had modelled contaminants on the pixel level as well, we would additionally have to
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model extended sources and moving point sources. Due to this added complexity, we have decided to

only model the quasar population at this time.

We can apply thresholds to both of these techniques in order to get rid of contaminants. This is

illustrated in Fig. 7.1, which shows a selection process that only considers candidates which have

colours similar to quasars, are above a certain quasar probability threshold P
g,min

reduced average chi-squared value 7>

and below a specific
or reduced maximum chi-squared value . Applied to a
new dataset, this allows to sift out more contaminants than by colour cuts alone, before having to do
any visual inspection. Our method is designed to be redshift and survey independent and thus can be

applied to future surveys such as Euclid and LSST.

In Sections 7.1 and 7.2, we describe our metrics to classify high-redshift quasars. This includes our
Bayesian model comparison approach from which we obtain a quasar probability, and our quasar
model that is tested on image cutouts. Section 6 outlines our data processing pipeline in detail. In
Section 7.3, we analyse how well our method works on a set of simulated quasars and contaminants.
We then test on real data in Section 7.4. Our classification results and tuned thresholds of our metrics
are presented in Section 7.5. The discussion and conclusion can be found in Section 7.6.

Throughout this work we use AB magnitudes (Oke & Gunn, 1983).

7.1 Metric 1: flux-level population modelling

Bayesian model comparison enables the testing of multiple hypotheses by comparing a set of statisti-
cal models to observed data (Burnham, 2002; Sivia & Skilling, 2006; Neath et al., 2017). Given a set
of population models {M;}, data d and additional background prior information /, the probability that

a source is of type M; given input data d is

Pd|M;, 1) P(Mill)

P(Mjd,I) = ,
> P(dle, 1) P(Mju)

(7.1

where P (M;|I) is the prior probability that a source belongs to model M;. Through marginalization
we can express P (d|M;, I) as the product of likelihood and prior,

PIM;, 1) = fP(dlMi,Gi,l) P(6:IM;, 1) 46, (7.2)

where 6; are the model parameters of model i. In the simplest case we only have one model M,, for
which the posterior then will be of probability 1. Here, we are interested in the models of quasars and

contaminants.

Mortlock et al. (2012) implement a Bayesian model comparison approach to rank colour selected can-

didates by their probability of being a high-redshift quasar. They compare the observed photometry
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against SED templates. This includes not just SED models of quasars, but also that of contaminants.
As these contaminants are far more numerous than quasars, any source that is not a clear quasar will

more likely be a contaminant. They therefore use the luminosity function as a prior.

In Mortlock et al. (2012), the likelihood P (d|M;, 8;,1) is a product of |B| Gaussians, where |B| the
number of passbands. The individual Gaussians are given as N(F, O'%b) for each passband b € B,
with mean being the model flux F, as a function of parameters 6;, and standard deviation being the

uncertainty in the predicted flux,

1

P(E,|M;, 0)) < exp [—5 (

£y~ Fi(6) Fb(g"))zl 73)

O,
where F, + o 1, the observed flux in band b, M; the population model (e.g. quasar or contaminant) and
0; the parameters of the population model. The likelihood is then given by the product of individual

Gaussians over the bands B,

P = FIM;,0) = | | P(F,IM;, 6). (7.4)

beB
The priors P (M;|I) and P (6;|M;, I) are combined into a surface density of model population i. The
models {M} included in this are that of quasars (M; = quasar) and that of MLT dwarfs (M, = MLT).
A threshold is then applied to only visually inspect the most probable quasar candidates. By including

visual inspection, many candidates whose data does not follow the model assumptions are rejected.

Euclid Collaboration (2019) refine the Bayesian model comparison explained above by adapting the
contaminant populations to include both MLT dwarfs and early type galaxies (M3 = ETG). Previ-

ously, zero flux was assumed in the optical u, g, r bands.

In this thesis, we develop this technique further by including optical SDSS u, g, r bands in the 9 quasar
SED templates. This helps to additionally identify quasars at 5.2 < z < 6.5. This is implemented as
the majority of visually accepted candidates in our dataset lie within this range, and would otherwise
lead to large residual chi-squared values and low probabilities. In total, this gives quasar templates
in the redshift range 5.2 < z < 12. However, it should be noted that in the quasar models the flux
blueward of Ly« is set to zero due to the Gunn-Peterson trough. However, at 5.2 < z < 6.5 one will
see a Lyman-alpha forest in the observed spectrum instead. Therefore, the SED models at these lower
redshifts are not accurate enough. In future, one could attempt to incorporate the IGM transmission

for a given population of absorbers as a function of redshift for the quasar SED templates.

The quasar templates are taken from Hewett et al. (2006) and encompass SEDs with a standard equiv-
alent line width of EW(Cyy) = 39.1 A, half line widths and double line widths. Furthermore, they
include a standard UV continuum slope (fi315/f2205 = 1.0), a blue (fi315/f2205 = 1.16) and a red con-

tinuum (fi315/ f2205 = 0.84), where fi315/ f2225 the flux ratio between the rest frame wavelength at 1315
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A and at 2225 A. Combining these line width and continuum options with each other gives 9 distinct

quasar SED templates.

This is implemented in the Python package Pq_server ! (Euclid Collaboration, 2019). Using Pq_server,
we extract the probability that the source is a quasar P,. Moreover, we obtain the best fit quasar SED
template with the fluxes adjusted to the best fit redshift of the candidate. Note that Pq_server works
best for z > 6.5 as that is the redshift where the contaminant populations (dwarf stars MO — T8 and
early type galaxies) become relevant. Thus, the probabilities below that redshift are less reliable as
they might be higher than they should be.

Note that this approach only tests the SED of a source, but not any point source-like appearance nor
any stationarity. Rather, it makes the assumption that each source is a point source and does not move
between bands. The flux F is obtained from the database PSF photometry of each survey. Since
the database flux calculation adjusts for any movement between bands, we cannot spot any moving
sources with the flux information alone. Further, it is possible that the calculated PSF flux of a non
point source-like object follows the SED of a high-redshift quasar, since the true flux is different to

the PSF flux in that case. In order to test these assumptions, we have to go to the pixel level.

7.2 Metric 2: pixel-level goodness of fit

We model postage stamp images of size / X /. The flux in the pixels of the background are assumed
to be Gaussian distributed with mean u, and variance o>. The noise model of the ADU value in pixel
(i, j) is defined as

dij = Fij +nj, (7.5)

where d the i.i.d. ADU values of the pixels of the postage stamp of size N X N, F;; the flux in pixel

(i, j) and n;; ~ N(O, o) the additive Gaussian noise.

We assume the flux uncertainty in the pixel elements {d;;,} to be Gaussian distributed N(F;;;, O'l%).
We neglect Poisson effects as we assume the uncertainty to be background dominated. The individual
likelihood for band b € B for a model M; with model parameters 6;,, is then given by

Z (dij,b - Fij,b(ei,b) )2] ) (76)

gy

1
P(dy|M;, 0;}) o< exp [—5

2

P2+ <r

The full likelihood is then again given by the product of P(d,|M;, 6;,) over bands b € B.

lhttps ://github.com/rhysrb/Pq_server
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7.2.1 Chi-squared

Our second metric is a test of goodness of fit. Since the likelihood is Gaussian, we can use the method

of chi-squared, where equation (7.6) can be rewritten as
XZ
P(d,|M;, 0;) o< exp (—?b)- (7.7)

Maximising the likelihood is equivalent to minimising the chi-squared value y;. Using equation (7.7),
the goodness of fit in passband b € B is tested via reduced chi-squared fitting where we divide y7 by

the number of degrees of freedom,

b

s, o5

1
Nyof op

2+ jzsR;2
where R the radius and Nyof ~ ﬂR)%(z the number of degrees of freedom.

Additionally, we want to create a more redshift and survey independent feature, and thus we take the
average over all passbands,
1
<2 <2
X =m0 2 X (7.9)
|| ;;4 ’
This gives the reduced average chi-squared value for a given source. Since our data d are the pixel

values, ? is tested on the pixel level of the image cutouts.

As mentioned earlier, doing a Bayesian model comparison on the pixel level would be far too complex.
We can see that the integral in (7.2) over model parameters 6; ;, using our pixel likelihood P(d,|M;, 6; ;)
would be very computationally expensive. Instead, we use chi-squared statistics from above to test

how well our pixel-level model of a high-redshift quasar fits the observed pixel data.

7.2.2 Quasar model

We compare the pixel data {d;;} of an image to the predicted image data {F;;} of a quasar at redshift 2.

The residual chi-squared §? (7.9) then gives us an estimate of how well our predictions fit the data.

The pixel flux F;; in a quasar postage stamp comes from a point source that is located in the centre
of the image and is stationary between passbands. The point source is modelled via a point spread
function that is specific to each survey. The PSFs that we use for each survey to calculate the fluxes

are explained in Section 6.1.5.1.
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(a) Original

(b) Residual using our calculated PSF flux

Figure 7.2: Quasar ULAS J1120+0641 (Mortlock et al., 2011) at redshift z = 7.09. a) Original image
data in SDSS and UKIDSS LAS, b) Residual images using our calculated PSF fluxes. The residual
images consist of noise only, which means that our model is a great fit to this quasar. Indeed, the
chi-squared values of ¥* = 0.94 and ¥2,, = 1.28 confirm this. The size of each plotted postage stamp
is 2474 x 24’4,

The pixel flux Fj; is given by

Fy= p +fo'+2 dv [ ¥ ay S | V& = %7+ =y (7.10)

Opx

~ s +FS[\/(x,—xs) 0 -y (7.11)

where F' the flux from the quasar SED template that best fits the observed flux, ng the area of a pixel
which is specific to each survey, S the point spread function and (x;, y,;) € R? the centre of the source
within the image. Here, we have approximated the result by assuming that the surface brightness is

constant over the pixel area.

The likelihood is given by (7.6), using our quasar model M; and quasar model parameters 6, =

{Fln (-xs’ ys)a gpx,b’ Sba /-'l(),ba O-b}'

7.3 Simulations

We test our pipeline by simulating a diverse set of sources: quasars; MLT dwarfs; and ETGs. The
noise level per pixel in each passband approximately corresponds to the average noise level over
the sky region of our dataset. The same applies to the parameters of the point spread functions.

Specifically, we simulate the following:

1. Quasars:

e Quasar
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(b) Residual using the best fit quasar SED
Figure 7.3: Candidate J000042.15+072229.9 has a probability of being an ETG of Pgrg = 1.00. We
therefore expect the residual to have remaining positive/negative flux and thus the source to have a
large average chi-squared value. This is confirmed in the residual in b). The largest chi-squared value

of ¥2.. = 6.54 can be found in H, due to the observed flux being incompatible with the best fit quasar
template, and due to additional cross-talk issues.

(a) Original - nearby bright star

g r I z Y

(b) Residual using the best-fit quasar SED.

Figure 7.4: A bright star in the vicinity of the source J000226.75-005604.5. a) Original image data in
SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. As the residual does not consist
of noisy images only, this gives a low quasar probability P, = 0.00 and a high residual chi-squared
value 2 = 23.86 as expected.
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(a) Original - a moving source

(b) Residual using the best-fit quasar SED.

Figure 7.5: A moving source J002318.32+000435.8. a) Original image data in SDSS and UKIDSS
LAS, b) Residual using the best-fit quasar SED. The model picks up that the source is moving and
hence the pipeline obtains values of §* = 2.72 and P, = 0.00.

e Quasar with a bright nearby source
2. MLT dwarfs:

e Stationary dwarf

e Non-stationary dwarf
3. Early-type galaxies (ETGs):

e Stationary ETG

The first set of simulations tests if our method correctly gives high probabilities and low ¥ values to
simulated quasars. By varying the flux levels we can detect at what point our method breaks down.
The second set of simulation tests if our method can detect a moving source, e.g. a local star, by
obtaining large values in /\7}3 in at least one passband b. Lastly, simulating ETGs as extended sources

should again give low quasar probabilities and large ¥ values.

We perform all tests at J-band fluxes between 10 pJy and 100 wJy. The flux in the other bands is
then calculated from the SED templates with J as the reference band. We use these flux levels since
the majority of both visually accepted and rejected candidates lie within that range, as shown in Fig.

7.6. The maximum flux in J for the accepted candidates is F; = 128 uJy. The median flux for the

accepted
Jmedian

= 50.2 pJy. This makes sense as most of the J-band brightest sources are

visually accepted candidates lies at F' = 36.4 uly, while the median flux of the visually rejected

rejected

candidates is F Jmedian

visually rejected.

accepted
J,min

The minimum flux in J of the visually accepted candidates lies at F = 12 uJy. Using a minimum
of 10 uJy in our simulations therefore makes sense. Generally, having a set of simulated faint sources

helps us to analyse how the performance decreases when going to lower and lower SNRs.
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Figure 7.6: Distribution of flux in the J-band of our validation set (see Sec. 7.4.2). The orange
histogram corresponds to the visually accepted candidates, and the blue histogram to the visually
rejected ones.

We expect the difficulty to distinguish quasars from contaminants to lie in low SNRs for the residual
chi-squared calculation, whereas the quasar probability will depend more on how realistic a certain

flux is at a given redshift.

Table 7.2: Simulation results of simulated quasars, MLT dwarfs and ETGs. We show the (¢?, P,)
pair for both the minimum j? and the maximum P,. The minimum §? pair represents the source out
of each model with the smallest ¢ value, together with its corresponding P, value. Similarly, the
minimum Py pair represents the source out of each model with the smallest P, value, together with
its corresponding ¢ value.

. _ min{{?} pair max{P,} pair
Simulation , ,
X Py X Py
Model quasar | 0.7 1.0 0.9 1.0
Quasars

Nearby source | 0.8 | 1.5x 1073 || 1.0 1.0

Stationary 08| 13x107* | 1.1 |29x1073

MLT dwarfs

Non-stationary | 0.8 | 8.8 x 10™* || 1.0 1.0

ETGs Model ETG 08| 43x107 || 1.0] 6.2x1073

The results are summarised in Table 7.2. This shows the best {2, P} pairs for each model population.
Namely, it shows the smallest §? value for each population together with their respective quasar prob-
ability, plus it shows the maximum quasar probability P, together with its corresponding chi-squared
value. That means that all other simulated model sources are worse or equal to these two values,
where worse means a smaller quasar probability compared to max{P,}, and a larger chi-squared value
compared to min{{?}. We can see that whenever ¥ is small for the simulated contaminants, the quasar
probability P, is close to zero. Vice versa, when P is large then ¥ is large too. Thus, even the most
quasar-like points of our contaminant simulations are a very bad fit to our quasar model. The excep-

tion are simulated non-stationary MLT dwarfs, where both P, and ¥ can have perfectly acceptable
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quasar values when they have moved too far away from the centre. In that case, it is as if there was
zero flux in the SDSS bands, which then looks similar to a Gunn-Peterson trough and hence gives a
high quasar probability. Realistically, we expect surveys to be close enough in time that the source

would not move outside R;> and hence would still be detected by our mechanism.

7.3.1 Quasars

Simulating quasars whose SED follows that of our 9 templates at different redshifts and with varying
flux gives us a clue to how well our method solves our most important task - to detect quasars.
Including bright nearby sources will make this more difficult, and we expect some sources with low
probabilities and high chi-squared values in that case. Simulating bright nearby sources also allows

us to check how it affects the background pixel flux estimate and the overall source flux estimate.
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Figure 7.7: A set of 378 simulated quasars with varying J-band flux between 10 pJy and 100 wJy.
These are simulated for all 9 templates and for redshifts between 5.2 and 8.5. For plotting purposes,
we take a uniform distribution in Py between 0.5 and 1.0 for sources with P, > 0.5.

The redshift range we use is between z = 5.2 and z = 8.0. Further, we make use of all 9 SED

templates, representing different continua and line emissions.

The results for simulated quasars are shown in Figure 7.7. As expected, the residual chi-squared
values are close to 1 or below. If §? < 1, then the uncertainties are smaller than expected by our
model. While ¥ stays around 1 for most J-band flux levels, the probability starts to decrease for faint
sources with F; < 25 uJy. This makes sense, as the smaller the signal-to-noise ratio, the more difficult
it gets to extract the source signal. Therefore, we might miss a small portion of faint quasars. Keep in
mind that we expect strong emission in J for quasars at redshifts z > 6.5. E.g. the majority of sources

that have a quasar probability below P, ~ 107 are at simulated redshifts z > 7.5, while having a faint
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Figure 7.8: A set of 950 simulated quasars with a nearby source of varying brightness and distance
to the central quasar. The nearby source is modelled to have constant flux across all bands, which is
simulated for fluxes F' = 1,7.3,13.7,20 wuJy.

J-band flux. In this redshift range, a low flux in J can result in negative fluxes in the optical bands.

Hence, a low probability is preferred in those cases.

The results for simulated quasars with a nearby source can be seen in Fig. 7.8. Again, the quasar’s flux
is varied, using the J band flux to calculate the flux in the other bands from our templates. The nearby
source is of constant flux over all passbands, in the range 1 pJy < F; < 20 uJy. We do not include
sources brighter than 20 uJy as these have even larger reduced chi-squared values and therefore are
a clear rejection. The distance between the source and the central quasar is up to 2 arcseconds. As
expected, a constant flux of only 1 uJy gives a low > independent of where the source is located.
This is because the flux is within the uncertainty of the background pixel flux. At F = 7.3 uly, we
already see ¥ > 2, which starts to go down at around a distance of 0.75 arcseconds. Generally, the
reduced chi-squared values decrease with increasing distance of the source from the central quasar.
This makes sense, as the further the nearby source moves away from the central source, the less
impact it has on the central flux and chi-squared calculation, and thus the smaller §? gets. As the
sources moves outside Ry = 172, the radius for the 7? and flux calculation, it has less of an impact
on the central source which means that the central flux can be recovered. It gets to values of around

¥ ~ 1 at a distance of about 1.5 arcseconds for the source fluxes we considered.

Note that in our pipeline we only reconstruct sources that are at least Ry., away from the central
source. This is exactly such that we can capture moving sources, while at the same time not letting

actual nearby objects get in the way of the central source calculation.
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7.3.2 MLT dwarfs

Next, we simulate MLT dwarfs. We do this by generating point sources with colours of that of MLT
dwarfs. Since the images of SDSS and UKIDSS have been released several years apart, a local
star is located at a different location in each survey. We therefore need to simulate motion of MLT
dwarfs. In our case, we use the overall source locations as reported in the database of UKIDSS LAS
DR1OPLUS. For this reason we only simulate offset locations in the SDSS bands. Had we taken the

source locations from SDSS, we would have simulated the offsets in UKIDSS instead.

We test if our §> method can reveal sources with apparent motion and flag up such candidates. We
use all available MLT dwarf types in Pq_server (Euclid Collaboration, 2019), from M star MO up to
T dwarf T8.

Fig. 7.9 shows the simulated stationary MLT dwarfs as a function of flux in J and spectral type
respectively. All simulated sources have a quasar probability below 1073, with the majority having
a quasar probability of zero. Some sources have low ¥° values, particularly the ones with faint J-
band photometry of F; = 10 uJy. Again, this is expected as at such low flux levels a tiny difference
in the predicted quasar SED will not account for a large difference in ¥?, especially if the source
flux is within the uncertainty of the background pixel flux. In terms of spectral types, T and L type
dwarfs have lower residual chi-squared values, while M dwarfs give the worst fit. The plots have been
cropped to be standardised, but the residual chi-squared values for MLT dwarfs continue to grow and
go up to ¥* ~ 20. However, no sources simultaneously have y* ~ 1 and P; > 107. Hence, the
combination of P, and y* can easily distinguish between quasars and MLT dwarfs when the sources
follow our MLT SED templates.

The results for the non-stationary MLT dwarfs can be seen in Figure 7.10. As expected, the brighter
the source, the higher the chi-squared value. For dwarfs located in the centre, the maximum quasar
probability is around 1073, This holds for the faintest dwarfs of F = 10 uJy only. For brighter MLT

dwarfs, the probability goes down towards Py ~ 107'%.

For a subset of dwarfs, the quasar probability starts to increase once the MLT dwarf moves away from
the centre. It gets close to a probability of 1 at around a distance of (/8 from the central quasar, which

corresponds to 2 pixels on the postage stamp.

Once the source has moved outside the radius Ry = 172 within which the chi-squared calculation
takes place, §? returns to normal values. This is because our pipeline would essentially calculate zero
flux for such sources, as the central source has moved too far outwards. In this low flux regime it is

difficult to make accurate predictions about what source population the object belongs to.
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(b) Simulated stationary MLT dwarfs as a function of spectral type

Figure 7.9: A set of 406 simulated stationary MLT dwarfs. The source location is fixed in the centre
across all bands. The MLT SED models range from MO0 to 78, and have a J-band flux between 10
wJy and 100 py.

7.3.3 Early type galaxies

We simulate early type galaxies as extended sources with colours of that of ETGs. However, we don’t

want the simulated ETGs to be too extended as this would make the differentiation from quasars too

1{r\
exp l—z (;1) ]}, (7.12)

easy. We do this by using a PSF that is a mixture of 2 Gaussians,

1 1 1{r\ 1
;R =—(R+1)- R =
S(r;R,01,07) 2( +1) { o CXP[ 2(02)l+ o
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Figure 7.10: A set of 3587 simulated non-stationary MLT dwarfs, where the source location is offset
from the centre in SDSS bands only. The source location in the UKIDSS bands remains in the centre.

with parameters o; = 0.4”, 0, = 0.6 and R = 0.5. Neither o nor 0, can be too large, otherwise the
flux contribution only comes from one Gaussian which makes it a point source again. For the point
sources in our dataset we typically have o ~ 0.3” if we use a 1-Gaussian PSF. For the 2-Gaussian
PSF simulating the extended galaxies, we chose one of the Gaussian uncertainties to be two times
that, hence 0, = 0.6”. We have found that this choice gives good classification results, though the

PSF model could be improved in future.

This violates our model in both PSF (extended, not point source) and colours (ETG, not quasar) and

thus we expect a large ¥ and a low P,.
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We vary the parameters available in Pqg_server (Euclid Collaboration, 2019), using two different

formation redshifts at z = 3 and z = 10, and a redshift range 1 <z < 2.
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Figure 7.11: A set of 420 simulated ETGs as a function of quasar probability, residual chi-squared
and flux in J. These lie in the redshift range between 1 < z < 2 and at formation redshifts of z = 3
and z = 10.

As we can see in Fig. 7.11, the quasar probabilities are close to zero as expected, with a maximum
probability of P = 6.2 x 107. Our residual chi-squared ? increases with increasing flux levels as
expected. The g are large except in the case for simulations of faint ETGs. This occurs below a
threshold of ~ 25 uJy, where it becomes more difficult to distinguish between quasars and contami-
nants. Overall, this shows that our method can distinguish between ETGs and quasars whenever the

source follows the colours of either of our templates and is sufficiently bright.

7.4 Application to real quasar candidates

For our target of z > 6.5 quasars, we require information in the optical and NIR. Optical data is needed
to ’see’ the absorption bluewards of Lya, and NIR data is needed to observe the strong emission at

Lya.

The set of sources is taken from Mortlock et al. (2012). Mortlock et al. (2012) obtain this set from
DR8 of UKIDSS LAS (Lawrence et al., 2007), cross-matched with SDSS DR7 (York et al., 2000),
out of which they expect only ~ 15 to be high-redshift quasars with ¥ < 19.8. The set of sources have
been selected via cuts in colour and have been examined for flags that would indicate that the source

is extended, has proper motion or unreliable photometry. Specifically, the following cuts were made

e —V>28
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(a) Offset: 0 arcsec

i z

(b) Offset: 0.6 arcsec

u g r i z

(c) Offset: 1.1 arcsec

i z

(d) Offset: 1.7 arcsec

Figure 7.12: A simulated source at redshift z = 6.0 with correct quasar template colours but with
various location offsets in SDSS.
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(d)z=80

Figure 7.13: A simulated faint quasar of magnitude m; = 28.90 mag (or flux F; = 0.01u Jy), standard
line equivalent width and a red continuum at different redshifts
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Figure 7.14: Scatter plot of §* vs P, based on the classification labels of the visual inspection. Gaus-
sian noise is added for candidates with Py > 0.9 to increase readability (N (Pg,0.01) and N (¥*,0.01)).
The orange crosses correspond to visually accepted candidates. The blue dots correspond to visually
rejected candidates. The majority of rejected candidates are not visible on the plot due to range of
axes chosen. The red dots show spectroscopically confirmed quasars (Fan et al., 2000, 2001, 2004;
Goto, 2006; Venemans et al., 2007; Mortlock et al., 2009, 2011; Jiang et al., 2016). The low proba-
bility confirmed quasar is assigned a probability of P, = 1.00 when including the SDSS photometry
(see Section 7.5.3.2). We test the manual threshold classifier on a set of different quasar probability

thresholds: P;}}min =0, ngmin =0.01 and ngmin =0.1.
e V¥-7<0.88

?—?zlzo—zam?—ﬂ

non-extended objects (in UKIDSS): MergedClassStat < 4.0

no unreliable photometry

close to zero proper motion

This leaves a set of ~ 9 x 10* high-redshift quasar candidates.

7.4.1 Survey data

Since the set of quasar candidates in Mortlock et al. (2012) had been visually inspected in SDSS and
UKIDSS LAS data, we use the same two surveys but use updated data releases. We receive optical
information from the SDSS Data Realease 12 (DR12) and obtain NIR data from the UKIDSS LAS
Data Release 10 PLUS (DR10PLUS). SDSS uses the Sloan Foundation 2.5m telescope at the Apache
Point Observatory in New Mexico (Gunn et al., 1998). It has a wide-field CCD camera including five
optical to NIR filters u, g, r, i, z. UKIDSS LAS makes use of the WFCAM wide field camera and has
four NIR wavelength bands Y, J, H, K (Lawrence et al., 2007). Its observing area is matched to the
SDSS area.
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7.4.2 Validation set

Out of the ~ 9 x 10? high-redshift quasar candidates from Mortlock et al. (2012), ~ 4300 have been
visually labelled. The labels are binary, where a positive (accepted) label corresponds to the source
resembling a quasar in all of the bands, and a negative (rejected) label corresponds to a source that
either looks like a contaminant or to an image with data processing issues around the nominal source

position. Details on the labels can be found in Appendix A.

From the pool of candidates, only ~ 800 have a positive label, out of which 14 are spectroscopically
confirmed quasars at z > 5.7 ((Fan et al., 2000, 2001, 2004; Goto, 2006; Venemans et al., 2007;
Mortlock et al., 2009, 2011; Jiang et al., 2016). This gives a ratio of approximately 1 : 6 between

probable quasars and contaminants.

Further, out of the complete sample of ~ 4300 candidates, only ~ 450 have P, > 0.01, and ~ 330

have Py > 0.1. Thus, requiring P}

~ 10. Requiring " = 1.5 reduces the candidate list to ~ 2300. Requiring y*" = 1.5and P* . = 0.1

g,min

= 0.01 already reduces the pre-selected candidate list n order of

gives ~ 160 sources, thus less than half than by just requiring P . = 0.1.

q,min

7.4.3 Manual threshold selection

We manually select thresholds for the residual average chi-squared value, the residual maximum chi-
squared value and the quasar probability. In particular, we manually accept a candidate if all of the

following holds,

o P> pth

q,min
° /%2 < /\72,th

~2 ~2,th
® Xmax < Xmax

We compare our predicted results to the visually labelled validation set. These thresholds are opti-

mised in Section 7.5.

We do expect that these thresholds need to be adapted for future surveys. In addition, one will need
to add more quasar SED models that cover a larger range in order to acquire a similar ¥ value. This
is because future surveys will have more precise photometry and hence smaller uncertainties. Due to

these smaller uncertainties, the ¥* value would increase if we did not add more quasar template SEDs.

That means, for application on future surveys we would not require a pre-labelled data set. Visual

inspection would only be needed for testing the algorithm on a new data set. Thresholds can be set
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more conservatively to find the most likely quasar candidates even if this means that other quasars

will be missed.

One could also select the thresholds manually based on the summary values we get for our candidates
such as in Fig. 7.14. The figure shows a scatter plot of ¥ vs P,, where the values of spectroscopically
confirmed quasars can be seen in red. All of the quasars have P, > 0.1, where the quasars with the
lowest probability happen to be the ones at the lowest redshift. If Py is close to 1 but ¢ is large then
this indicates that even though the database/calculated photometry agree very well with a quasar SED,
the source either does not resemble a point source or it has moved. On the other hand, if P, is close to
0 and §? is low, then even though the source is a stationary point source and follows quasar colours,

it is much more likely that the source is a contaminant.

As the classification labels are based on visual inspection, some of the accepted sources will have a
quasar probability close to zero. These are candidates that look like quasars but are actually much
more likely to be contaminants. Thus, it could be argued that these very low probability candidates
should have been rejected instead. This can make it slightly difficult to compare our results to the
visual classification labels. For this reason the cut in the quasar probability ngmin actually completely

2.th 2,th

removes candidates below that threshold, such that the classification is based solely on y~" and ¥iax

th

applied on sources with Py > P in:

Generally, we do not expect this manual threshold classifier to
perfectly re-create the visually labelled data set. However, it will be useful for pinning down the most

likely candidates on which follow-up observations can be done.

Better results will be achieved if the thresholds are optimized for each new survey. For instance,
the better the survey PSF can fit a point source, the lower/larger the chi-squared values will be for
positive/negative candidates. In addition, a more sophisticated PSF will be able to measure the pho-
tometry more accurately, resulting in a better choice of SED template. Therefore, if other surveys use
different PSFs to the ones described in Sec. 6.3, it is advised to adjust the parameter cuts accordingly.
This means a new training set would be needed. Furthermore, for sources with zero flux in u, g, r, i,
the chi-squared value in those bands will be close to 1. This will bias the average chi-squared value to-
wards lower values. Therefore, future surveys that have fewer/more bands to cover the Gunn-Peterson
trough will have candidates with larger/lower average chi-squared values. Similarly, surveys in which
candidates have non-zero flux in fewer/more bands compared to SDSS and UKIDSS LAS will have a

bias towards lower/larger chi-squared values.

7.5 Results

We discuss our classification results, possible flaws with our method and how it can act as a cleaning

tool.
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7.5.1 Performance measure

As the number of positive samples in our dataset is very small, classifying nearly every candidate
as a contaminant (negative label) would already give a high accuracy, giving us a false sense of
the effectiveness of our classifier. We therefore need a different performance measure, one that shows
how many of our quasar candidates have correctly been accepted and how many have been incorrectly

rejected.

For this we need to define precision and recall,

TP

precision = m (713)
TP

recall = m, (714)

where TP the number of positive samples that have been correctly classified as positive, and FN (FP)
the number of positive (negative) samples that have been falsely classified as negative (positive) by

our model.

Precision therefore describes the fraction of correctly accepted candidates versus the total number of
accepted candidates. The latter includes incorrectly accepted sources as well. Hence, precision does
not take into account how many actual positive samples have been missed by the classifier, it just tells
us that if the classifier predicts a positive sample then how accurate is that it is actually a positive
sample. The missed positives are taken into account by the recall, which is defined as the fraction of

correctly accepted candidates versus the total number of actual positive sources.

In our case we want to detect as many quasars as possible. We would rather include a contaminant in

our result than to miss out on a quasar, and are therefore more interested in the recall of our classifier.

We can skew the weight towards the recall by using the Fg performance measure (Baeza-Yates, 2011),

precision X recall
[(1 + B?) x precision] + recall

Fs=(1+5) (7.15)

A perfect classifier has an Fg score of 1. The more F approaches 0, the worse the classifier becomes.
For B = 1, the equation above becomes the harmonic mean between precision and recall,

2
~ (1/precision) + (1/recall)’

F, (7.16)

If we set 8 > 1, then more weight is given to the recall compared to the precision. Similarly, a value

of 0 < < 1 gives more weight to the precision.

Thus, we will focus on 8 > 1, but will still include 8 = 1 for reference. In total, we test for values

of § = 1,2,3. The larger B, the more fractional false positives and thus the more candidates one
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would have to visually inspect. How much contaminants one is willing to include thus depends on the
sample size. For a dataset that contains hundreds of thousand sources, a value of § = 1 — 2 might be
better than S = 3. Similarly, for a small dataset of a few hundred sources one might be more willing
to allow for 8 = 3.

7.5.2 Classification results

We present the classification results of our validation set. Figures 7.15,7.16 and 7.17 show contour
plots of the Fg score for § = 1,2, 3 as a function of threshold in the average and maximum residual
chi-squared values 72", 2" " The manual threshold classifier is applied on subsets of the validation
set for quasar probability thresholds of P . =0, P® = =0.01 and P . = 0.1 respectively. Notice

q,min q.min q,min

that Pahmm = 0 includes the full validation set, whereas P;hmm = 0.01 and Pflhmm = 0.1 lead to subsets
of the validation set. The results are summarised in Table 7.3. The overall largest F score is achieved

byB =3and P" . = 0. Itis given by F5 = 0.79 and uses the thresholds {>" = 2.39 and 720 = 6.83.

g,min

For all three probability cuts the maximum Fj score increases with increasing S, for 8 = 1,2, 3, such
that it is at its highest value at 8 = 3. This means that the recall has a higher value than the precision,

and that we therefore miss less quasars with the downside of including some contaminants.

F,

= 0. This is low compared to the maximum F5 score

Further, the maximum scores of F, F, and F5 decrease with increasing probability cut Pf]hmm
has its highest value of F; = 0.48 at P

q.min

of F3 = 0.79, also at ngmin = 0. This suggests that we have quite a lot of false positives in our
sample set. This is confirmed by very low precision values for all Fz values. The precision decreases

with increasing Pf]hm , for F> and F3. For F;. there is a small increase in precision of 0.01 between

P =001and P" . =0.1.

q,min g,min

In addition to the precision, the recall also decreases with increasing P‘hmin. A drop in recall with

increasing Pflhmin means that the recall is larger for sources with Py < Pf]hm , than it is for sources with

Py > P" Even though the Fj scores are smaller for non-zero thresholds in the probability than

q,min*

they are for P . = 0, the visual classification labels will be more accurate for the set of P . > 0.

q,min q,min

This is because the majority of candidates with Py < 0.01 are contaminants, and therefore any source

with a positive label as per visual classification is actually much more likely to be a contaminant.

As the validation set gets smaller with increasing quasar probability threshold P . | the regions of

q,min’

maximum F score narrow down to smaller areas, and hence a smaller subset of possible thresholds in
2,th .

the residual average and maximum chi-squared ¢*>™, iy remains. Generally, as Pflhmm increases, the

cuts in the average and maximum residual chi-squared are decreasing overall for each 8 individually.

At g*™ = 0.1, only ~ 160 sources are left in the validation set (see 7.4.2). At such a low source

count we can use 8 = 3 which gives us a score of F3 = 0.72 using the thresholds of > = 1.70 and
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Figure 7.15: The Fp score of the manual threshold classifier as a function of the thresholds in the
average and maximum residual chi-squared for (a) 8 = 1, (b) 8 = 2, (¢c) B = 3. It is applied to the
complete validation set (Py > 0).

~2th
max

= 5.96. Even though we get a higher value of F;3 = 0.79 at {>™ = 0, the number of accepted

candidates would include much more contaminants.

Table 7.3: The thresholds in residual chi-squared y>™, v that give the largest Fg score for f =

1,2,3. The thresholds are applied to a subset of the validation set with quasar probability cuts of
P" . =0,0.01,0.1.

g,min

~2,th

Pg}min F*™ | ¥max || Precision | Recall | Fj
0.00 | 1.52 | 3.96 0.34 0.83 | 0.48
B=1| 001 | 1.35|2.39 0.36 0.66 | 0.47
0.10 | 1.43 | 2.04 0.37 0.55 | 0.44
0.00 | 2.04 | 6.22 0.31 0.94 | 0.67
B=2] 001 | 143|596 0.29 0.86 | 0.62
0.10 | 1.43 | 5.96 0.26 0.84 | 0.58
0.00 | 2.39 | 6.83 0.30 0.96 | 0.79
B=3| 001 | 1.70 | 5.96 0.25 0.92 |0.72
0.10 | 1.70 | 5.96 0.22 0.92 | 0.69

7.5.3 Discussion

We show sources where the combination of §* and P, correctly accept high-redshift quasar candidates,
and reject likely contaminants. We also show a subset of sources that had been accepted via the
original visual inspection of Mortlock et al. (2012) but rejected by our classifier and vice versa. These
exemplify the limits of our method but also its strengths when it correctly flags up candidates that

originally had been assigned incorrect labels.
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Figure 7.16: The Fj score of the manual threshold classifier as a function of the thresholds in the
average and maximum residual chi-squared for (a) 8 = 1, (b) 8 = 2, (c) B = 3. It is applied to the
subset of the validation set where Py > 0.01.
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Figure 7.17: The Fg score of the manual threshold classifier as a function of the thresholds in the
average and maximum residual chi-squared for (a) 8 = 1, (b) 8 = 2, (c) 8 = 3. It is applied to the
subset of the validation set where Py > 0.1.
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(a) Original - pair

u g I z
(b) Residual using the best-fit quasar SED.
Figure 7.18: This source J002101.25+004352.4 is one of a close pair. In addition, it has a bright
source nearby. a) Original image data in SDSS and UKIDSS LAS, b) Residual using the best-fit
quasar SED. The residual indicates that either the source’s position is not completely in the centre or

the source is not point-like and spherical symmetric.

7.5.3.1 Correct classification

Fig. 7.2 shows quasar ULAS J1120+0641 (Mortlock et al., 2011) at redshift z = 7.09. The residual
image is the difference between the original data and our reconstructed data using our calculated PSF
fluxes and background estimates. It can be seen that the residuals in each band are consistent with
being noise. This means firstly that our PSF is a good model of a point source. Secondly, our model
of a stationary point source fits well to this quasar, which is exactly what we intended to achieve. Note
that in this plot we do not include the best fit SED yet, but rather use our calculated PSF photometry.

Fig. 7.3 shows candidate J000042.15+072229.9 that has a probability of being an early type galaxy of
Prrg = 1.00. The fact that this source is very unlikely to be a quasar is confirmed by a large maximum
chi-squared value of 2, = 6.54. The residuals show the remaining flux, which is indicative of that

the best fit quasar SED template does not fit very well to the observed flux.

Other examples such as nearby bright sources, diffraction spikes and persistence issues can be seen in
Figures 7.4, 7.18, 7.19 and 7.5.

7.5.3.2 Limitations of this method

If we use P .= 0.01, two quasars (J1148+0702 and J1044-0125) get misclassified.

g,min

Quasar J1148+0702 (Jiang et al., 2016) is with P, = 1.22 X 107° the quasar with the lowest prob-
ability due to missing SDSS data. This is because this source had an unwanted flag (COSMIC_RAY)
in the SDSS database. Due to this missing data, the likelihood will be similar for the three different

populations, and hence the probability falls back to the prior. Since the prior is the lowest for quasars,
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(a) Original - close to diffraction spike

u g r I z Y J H K

(b) Residual using the best-fit quasar SED.

Figure 7.19: This source J091108.35+092732.0 is close to a diffraction spike. a) Original image data
in SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. In this case the model is a
good representation again since the diffraction spikes do not occur within the cross-hair (where the
calculation is made). The largest chi-squared value occurs in the H-band with y%, = 2.86. However,
the overall reduced chi-squared is low at §*> = 1.18. Nevertheless, this source has a zero quasar
probability P, = 0.00 and hence would be rejected with a cut in the quasar probability.

u g r

Figure 7.20: Quasar J1044—-0125 (Fan et al., 2000) at redshift z = 5.74 that should have been accepted
but was rejected by the manual threshold classifier. This is due to a large ¥ value in the Y-band,
X3 = 4.56, due to incompatible observed flux with the quasar SED template.

we received a very small quasar probability. Upon including the SDSS images as well, the probability

drastically increases towards Py = 1.00.

The other quasar, J1044-0125 (Fan et al., 2000), is shown in Fig. 7.20. This quasar is at redshift
z = 5.74 (Goodrich et al., 2001) but has a predicted redshift of Z = 6.00. We therefore expect some
mismatch in the template flux, which is agreed with a large Y-band chi-squared value of x3 = 2, =
4.56.

This indicates that none of our 9 templates are a good match for this quasar SED. Therefore, a possible

extension to this project would be to add more quasar SED templates.

It should be noted that Pq_server works best for redshifts z > 6.5, and as such we expect our pipeline
to work especially well for redshifts beyond 6.5, and to miss out on some quasars below that limit.
The one confirmed quasar at z ~ 7 that we have in our sample has a promising maximum chi-squared

value of 2, = 1.28.

Some data processing issues can also be difficult to detect. This is exemplified in Figure 7.21, where
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(b) Residual using the best-fit quasar SED.

Figure 7.21: Candidate J073749.93+261844.9 is the persistence image. SDSS images have been
neglected as they have data processing issues flagged in the database. a) Original image data in SDSS
and UKIDSS LAS, b) Residual using the best-fit quasar SED. The pipeline fails to flag this up as
it does conform our model of a stationary point-source that follows the SED of one of our quasar
templates. Thus, it gives a residual chi-squared of ¥* = 1.00 and a quasar probability of P, = 0.06.

a persistence image gives a high quasar probability.

7.5.3.3 Cleaning tool

Our classifier further acts as a cleaning tool by identifying candidates that have been labelled incor-
rectly in the original visual inspection. E.g. a moving source or extended object that should have been
rejected, or a quasar-like source that should have been accepted. This makes our method is more reli-
able than (the initial) visual inspection. In future surveys, our method will pre-select probable quasar
candidates before any visual inspection has to be done, and hence it won’t have labels to compare
its results with. The comparison only occurs whenever we want to test our method on a new survey

against a (visually) labelled validation set.

An example of a candidate that had been accepted based on visual inspection but should have been
rejected is shown in Fig. 7.22. This candidate has moved and thus should be rejected. The candidate
has a maximum chi-squared value of ¥2,, = 10.09 in Y because the predicted flux is half the observed
value. The next largest chi-squared value is in J since the source has moved. The radius in H and K
for the chi-squared calculation is too small to encompass the moving source in those bands, however
the chi-squared value is still large (X%{ x ~ 4) due to the observed flux being inconsistent with the

template flux. Thus, our classifiers correctly reject this candidate.

Candidate J115132.21+07518.8, shown in Fig. 7.23, is a candidate that has been identified as a good
candidate via manual threshold selection. It had originally been rejected based on visual inspection
due to missing H and K data back in 2011 when the visual inspection had been made. Our pipeline

gave this candidate a quasar probability of P, = 0.56 and a residual chi-squared value of ¥ = 1.24.
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Figure 7.22: Candidate J002000.71-003412.8 had originally been accepted via visual inspection,
however it is clear that the source is moving. Consequently, large chi-squared values in the NIR
bands led to the correct rejection of this candidate by our classifiers.

Figure 7.23: Candidate J115132.21+07518.8 had originally been rejected based on visual inspection
due to missing data in bands H and K back in 2011 when the visual inspection had been made. A
high quasar probability and low % indicates that this candidate should have been accepted. After
including Pan-STARRS photometry of i = 23.00 + 0.19 and z = 21.33 + 0.08, the quasar probability
shrank from Py, = 0.56 to Py = 0.01. Nevertheless, the classifier only has information in SDSS and
UKIDSS and thus correctly accepts this candidate.

Indeed this candidate does look like a good quasar candidate. Subsequent analysis of Pan-STARRS
photometry in i and z (i = 23.00 £ 0.19 and z = 21.33 £ 0.08) decreased the probability to P, = 0.01.
However, based on data of SDSS and UKIDSS alone this candidate should have been accepted. Thus,

this candidate is correctly accepted by our classifier.

Another such example is shown in Figure 6.10, which shows the original and residual image together
with the chi-squared pixel values of the visually rejected candidate J092036.65+093407.9. The over-
all reduced chi-squared of this source is ¥* = 1.12, with a quasar probability of P, = 1.00 and a
predicted quasar redshift of Z = 5.57. This source was likely visually rejected due to the non-zero
flux in r which indicates a redshift below 6. As the searched redshift range in Mortlock et al. (2012)
was Z 2 6.5, this candidate was subsequently visually rejected. In this project, however, we are able
to model quasars at z > 5.2, and hence our methods do not discard this candidate. If we are only in-
terested at possible high-redshift quasars at z > 7, we can simply remove candidates with a predicted
redshift lower than that.

Another instance is candidate J143135.16+102210.9, which is shown in Figure 7.24. This only shows
postage stamps in UKIDSS since error flags present in SDSS meant that those images were not down-
loaded. The complete postage stamps are shown in Figure A.17. This candidate resembles a high-
redshift quasar with Z > 7, and was originally visually accepted by (Mortlock et al., 2012). After
additional photometric data was collected, the candidate was labelled as variable, being a supernova
hosted by the nearby galaxy. It is great that our methods were able to pick up this source, which,

based on the available information alone, could have been a possible high-redshift candidate.
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(a) Original

(b) Residual using the best fit quasar SED

Figure 7.24: Candidate J143135.16+102210.9 was originally visually accepted, but upon closer in-
spection and after further photometric data was collected, the source was visually rejected.

7.6 Conclusions

We have developed an automated tool to find high-redshift quasars at z > 6.5 from images and catalog
data of broad-band surveys. The results can then be used for visual inspection and spectroscopic
follow-up. We validated our pipeline via ~ 4300 candidates taken from Mortlock et al. (2012), which
have been visually inspected and labelled in SDSS and UKIDSS.

Mortlock et al. (2012), followed by Euclid Collaboration (2019), developed a Bayesian model com-
parison based on colour information that includes contaminant populations of MLT dwarfs and early
type galaxies. We have updated this approach to include colour templates in the u, g, r bands which
previously had been set to zero flux. The quasar SED models are not designed for quasars at 5.2 <
7 < 6.5 since the flux blueward of Lyman-alpha is set to zero. Hence, this leads to some limitations in

modelling the template in u, g, r at these lower redshifts.

Photometry cannot test the morphology and stationarity of high-redshift quasars, and therefore we
analyse image cutouts on the pixel level. We do not use a full Bayesian model comparison on the
pixel level as that would be too computationally expensive. Rather, we use chi-squared statistics to
test against our model of a quasar. The model is that of a stationary point source that follows the SED

of a quasar.

Our automated pipeline extracts these and other features for a given source. Starting from sky lo-
cations of a list of ~ 4300 cross-matched SDSS and UKIDSS LAS sources, selected and labelled
by Mortlock et al. (2012), our pipeline first processes the candidates and extracts information such

as database and PSF photometry, residual chi-squared goodness of fit f* and quasar probability P,,.

th
g,min

After that, setting cuts in our reduced chi-squared values further remove contaminants from our list

Next, we discard candidates with P, < P in order to get rid of the majority of contaminants.
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of candidates. Our manual cuts in chi-squared and the quasar probability work well in reproducing
the previous classification results of Mortlock et al. (2012). Moreover, our method acts as a cleaning
tool and flags up candidates that originally were assigned the wrong visual inspection classification
label. The remaining candidates can either be visually inspected and classified or they can be fed to
a pre-trained machine learning classifier. If the former is applied and they get visually classified, the
sample can be used as a training set for another machine learning classifier. In the latter case, the
ML classifier should be able to sift out much more contaminants than the manual threshold selection

achieves on its own.

This method can be adapted for use for upcoming surveys such as LSST and Euclid. This does not
even require a labelled training set and can be applied on-the-go, with summary features that should
not vary too much over different surveys if the survey PSFs are similar to the ones described here.

Otherwise, re-optimizing the parameter cuts on a small sample set is advised.

Thus, our method allows not only to get rid of more contaminants than previously, but also to scale up
the number of candidates that can be processed in a given time frame. All of this is done automatically.

The pipeline so far works for SDSS and UKIDSS LAS and can be easily adapted to future surveys.



Chapter 8

Machine learning classification pipeline

In the classification pipeline, we use machine learning techniques to increase both completeness and
efficiency to optimise our quasar classification. The classifiers are trained on the summarised features
from our data processing pipeline as described in Section 6. Running the trained classifiers on a new
set of sources gives back a set of probable quasar candidates. The classification result is more accurate

than that of our two-metric threshold classifier (see Section 7), though far less easy to interpret.

The mechanism is illustrated in Figure 8.1. The classification pipeline starts from the output of the
data processing pipeline, and feeds the features of candidates with P; > 0.01 to the classifier. The

classifier then decides which sources are likely to be high-redshift quasars and which are not.

The classifiers we use are a decision tree for interpretability (see Section 5.4) and a random forest
for increased performance (see Section 5.5). We test our classifiers on ~ 4300 visually inspected and
labelled candidates from Mortlock et al. (2012). They have been classified in the optical and NIR
using data from SDSS and UKIDSS.

All our classifiers work well in reproducing the previous classification results of Mortlock et al.
(2012). In addition, our classifiers are able to flag mislabeled candidates that were assigned the

wrong visual inspection classification label.

Compared to the previous visual classification in Mortlock et al. (2012), this allows to sift out most
contaminants before having to do any visual inspection. We separately test our classifiers with features
independent of redshift and of survey specifics, and with features that are dependent on redshift and on
survey specifics, and compare the results. The advantage of using redshift- and survey- independent
features is that they can be applied to future surveys such as Euclid and LSST. Though, for the same
reasons as in the previous chapter, some re-training will still have to be applied. In short, our method
drastically reduces the amount of visual classification that is needed. Its results can then be used for

visual inspection and spectroscopic follow-up.

184
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Figure 8.1: Flowchart of the data processing and the classification pipeline.

1) Data processing (Chapter 6): First, for a given source location, all available image data is down-
loaded and processed. Next, the background pixel flux is estimated via sigma clipping. After that,
the flux of each source is calculated via the fitting of point spread functions. The quasar probability
and best fit quasar SED are obtained from the observed photometry. Finally, each individual postage
stamp is reconstructed and the goodness of fit of our model is obtained.

2) Classification: only candidates with Py > 0.01 are fed to the classifier. Candidates that are labeled
as quasars by the classifier can then be further analysed via visual inspection.

Remove
candidate

Run through
classifier
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(a) Redshift estimates of training set 1. (b) Redshift estimates of training set 2 (Pq > 0.01).

Figure 8.2: Histogram of redshift estimates for a) training set 1, b) training set 2 (P4 > 0.01).

a) The candidates have estimated redshifts between Z = 5.60 and Z = 9.00. Most sources (quasars and
contaminants) have a predicted quasar redshift of z ~ 5.6.

b) The range of estimated redshifts is between Z = 5.60 and Z = 8.60. The requirement in Py mostly
gets rid of quasars around z < 5.6. This is because the template flux is zero or close to zero in u, g, r
and hence candidates with non-zero flux in those bands will have a low quasar probability. Another
peak of the visually rejected candidates is at z ~ 7. This suggests that many contaminants look similar
to quasars at z ~ 7.

8.1 Training data

We start with the same set of ~ 4300 labelled sources from Mortlock et al. (2012) as described in
Section 7.4.2. The survey data is explained in Section 7.4.1.

The difference here is that we use the set from 7.4.2 as the training set instead of the validation set.
This is because for the two-metric threshold classifier we only needed a validation set to validate our
method, but no training was required. In machine learning classifiers, however, training data is needed

for the classifier to learn the classification function.

8.1.1 Training set 1

Training set 1 consists of the complete candidate set. The distribution of derived redshift estimates
can be seen in Fig. 8.2a. The reason for the large number of candidates in the first redshift bin is
because Pq_server only works for redshifts above 5.6. Hence, any quasar that has a redshift below
that limit will be thresholded into a predicted redshift of Z > 5.6. Similarly, any contaminant gets
a predicted redshift that fits best to the quasar SED templates. In this case, most contaminants look

similar to quasars at redshift z ~ 5.6.



8.1. Training data 187

8.1.2 Training set 2

Training set 2 consists of candidates with a quasar probability of P, > 0.01. This is because even
though some candidates were visually classified as accepted, they are much more likely to be con-
taminants. Thus we would not consider these candidates for follow-up photometry. This constraint
reduces the training set to 449 candidates, out of which 159 are visually accepted candidates. The
smaller sample set will make training more difficult, however, overall the visual classification labels
will be more accurate than before. We also could have relabelled the candidates with Py < 0.01
as rejected, however then we could not have used P, as a feature in the classifier since it would
have quickly figured out the user-defined threshold. Indeed, using 10-fold cross validation, this gives
AUC = 0.99 +0.01 as ~ 4000 candidates can correctly be rejected by re-discovering the P, threshold.
The cut in Py removes a large quantity of estimated low-redshift candidates, as can be seen in Fig.
8.2b, on which an SED template with zero or close to zero flux in u, g, » will not be a good fit. After
the cut in P, has been applied, we can see that another peak appears at z ~ 7 for the visually rejected
candidates. This suggests that a significant proportion of contaminants look similar to quasars at z ~ 7

compared to redshifts z ~ 6.5.

8.1.3 Purity of the training set

The visual classification by Mortlock et al. (2012) contained information on why candidates had
been rejected, including issues such as cross-talk, detector flaws, diffraction spikes, satellite trails and
persistence. As discussed above, one of the reasons a source is visually rejected is if it has at least one
of those problems. This implies that if survey images of an actual quasar have data processing issues,
we will miss out on that quasar. The data processing issues of UKIDSS are explained in detail in Dye
et al. (2006). Figure 8.3 shows their analysis of some of the data processing issues that can arise in
the WFCAM of UKIDSS.

For training set 2, around 100 candidates have some form of processing issues in at least one passband.
This is nearly a quarter of our sample set! This gives a purity of about 78% for training set 2. For
training set 1, we obtain a higher purity of 86%. The difference between training set 1 and 2 is
likely because the probability code itself does not take into account any morphological information
but rather only flux values. As long as the input fluxes are close to one of the 9 SED templates, the
probability P, will be high. Hence, the requirement that P, > 0.01 does not get rid of candidates with

data processing issues.
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Figure 8.3: Data processing issues of UKIDSS” WFCAM. B: ‘bow-tie’ feature in the halos of bright
stars; C: channel bias offsets; F: flare persistence; T: cross-talk image due to a bright star, G: bright
ghost due to the moon shining directly onto the field lens, L: due to marks/dust on the field lens, L*:
marks due to the lens handling jig. Figure taken from Dye et al. (2006).
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8.2 C(lassifiers

We test our candidates with two different classifiers, which we train on our pre-labelled set as de-
scribed in Sec. 8.1. The features extracted and summarised in the data processing pipeline (see Table
6.2) serve as the input for the classifiers. First, we implement a simple decision tree of depth 4 in
order to interpret the results and identify important features. It further helps us to apply user-defined
thresholds for our two-metric threshold classifier. To optimise the classification we make use of a
random forest with balanced weights for each class. This gives us a much better classification result,

with the caveat of being less interpretable.

All of these methods can be used for upcoming surveys such as Euclid, which will enable discoveries
of fainter quasars and at even higher redshifts (Laureijs et al., 2011; Euclid Collaboration, 2019).

8.2.1 Feature sets

We test two different sets of features for the classifiers. In feature set A we only include the summary
statistics (goodness of fit and the quasar probability) to test how well these can interpret the results
on their own. In feature set B we include most of the available information from pipeline 1, thus
including the PSF photometry. The two feature sets that we use for the classification are summarised
in Table 8.1.

8.2.1.1 Feature set A

The goal for feature set A is to construct a set of features that are independent of redshift and pass-
band. Thus, the set is supposed to be survey-independent. In reality, optimizing the features for each
survey individually and for a given redshift range will always give better results. For example, as we
discussed in the previous chapter, the chi-squared values will likely increase for upcoming surveys
since the photometric errors will decrease. Therefore, using the trained classifier on those new dataset
might not give as good results. However, one could offset all the chi-squared values by a certain
amount to try to circumvent having to re-train the model. Re-training itself is very fast, it is more that
it requires time to visually classify a set of sources, where the sources have to be carefully selected as

well.

The only features we are using are the reduced average chi-squared value 2, the overall maximum
chi-squared value of all runs over all passbands ¥?2,,., the reduced average chi-squared value where the
centre has been fitted plus its maximum, and the quasar probability Py. That is, ¥%, ¥,a.- Uaos: Caos.max

and Pg. This is our feature set A.
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Set Features

=2 =2 =2 =2
A {X ’Xmax’/\/pos’Xpos,maX’Pq}

=2 =2 =2 =2
{/\/ ’Xmax’Xpos’Xpos,max’ PQ’

2 A
B {Xb’,uo,b’o-ln Fba O-F;,aSNRb}bEB9 Z}

Table 8.1: Feature sets A and B that are used for classification.

We first used the individual chi-squared values for each band {y;} as well. However, this made the
results more redshift-dependent. For instance, in our sample set there are many candidates at redshift
z =~ 6, which will drop out in the r-band. The templates used in Pq_server always give zero flux
in u, g,r. Hence, any flux detected in those three passbands will result in a large reduced average
chi-squared value. Therefore, y? is one of the most important features. In reality, our goal is to find
quasars at z > 6.5. Future surveys such as Euclid will have the capacity to detect ~ 10 quasars at
z 2 8 (Euclid Collaboration, 2019). At such large redshifts the Lyman-break shifts further into the

NIR band. Therefore the band that encompasses the most important features will change.

Instead, we want to find any quasar above redshift 6.5, and so it should be possible to detect a z ~
6.5 quasar and a z ~ 8 quasar in the same instance of a classifier. In addition, future surveys will
have different filter sets of different wavelengths and widths and therefore will be different from the
SDSS and UKIDSS bands. We therefore opt for a more redshift and passband independent feature
set. However, as mentioned above, for surveys with very different magnitude limits and photometric

properties compared to SDSS/UKIDSS, re-training is still advised.

8.2.1.2 Feature set B

In comparison to feature set A, feature set B contains redshift and passband dependent data. That is,
we include flux information Fj, X% values and background pixel flux ug;, 0, for all passbands b, in
addition to the predicted redshift Z. We expect this feature set to give better classification results than

feature set A as it includes more useful information than set A.

8.2.2 Decision tree

With the aim of being able to interpret our results, we first test our candidate list on a DT of depth
d = 4. The mechanisms of a DT are explained in detail in Section 5.4. The difference in classification
performance between d = 3 and d = 4 was significant, whereas the difference between d = 4 and
d = 5 was not, leading us to use a depth of 4. Further, a larger depth would have drastically decreased

interpretability.
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The results of the DT are then used to find the most important features and to possibly find a good

threshold for the two-metric threshold classifier.

8.2.3 Random forest

Next, we choose a random forest classifier, which is more complex than a DT. The RF is explained
in detail in Section 5.5. The RF increases the accuracy of our classification results due to the added
complexity. However, the RF will also make the results less interpretable. The RF will be survey-
dependent and thus will need to be trained on a different training set for future surveys. However, it

will increase the true positive rate and decrease the false positive rate compared to the DT.

8.2.3.1 Reducing the complexity of the random forest

We optimize the parameters of the random forest (maximum number of trees, minimum number of
samples required to split a node etc) via analysing the stratified cross-validated classification results
for a range of values that cover the parameter space. We circumvent the problem of our unbalanced
dataset by giving a higher penalty for misclassifying quasars and by undersampling the majority
class during training. In order to find a minimal feature set out of a total of 70 features, we try out
different dimensionality reduction mechanism such as PCA with different kernels and use diverse

feature importance measures (see Section C.3).

8.2.3.2 Tuning the parameters

In order to avoid overfitting, we tune the parameters of each classifier for each feature set. This is
done by observing how the AUC score evolves for the training and validation set over a range of
parameter sets. By iteratively increasing the complexity of the classifier, there will be a point where
the AUC score increases for the training set but decreases for the validation set. Let us assume this is
at iteration n + 1. The parameters of the previous iteration n then give the optimal parameter set for
the classifier. Further increasing the complexity would overfit the classifier, whereas decreasing the
complexity would underfit it. The parameter set corresponding to iteration n gives the sweet spot in

between.

8.2.3.3 Minimal feature set for a maximum classification score

In addition, we would like to find the minimal feature set such that the performance of our classifier
does not change. This further diminishes overfitting and removes any unnecessary complexity. We

try different techniques in order to find the most important features of our classifiers.



192 Chapter 8. Machine learning classification pipeline

First, we use PCA (see Section C.3.2) that projects the features on the eigenvectors with the largest
eigenvalues. In order to model non-linearities, we try out different kernel projections such as the

radial basis function (RBF) kernel, a polynomial and a cosine kernel.

Next, we use the drop-column feature importance measure (see Section 5.5.3.3). However, since a
subset of our feature set is correlated we do not expect this to work well. We could manually remove
any redundant features but that would defeat the purpose of using an algorithm that is supposed to

give the most important features.

We then try further feature importance measures including permutation importance (see Section
5.5.3.2) and mean decrease impurity (MDI) (see Section 5.5.3.1).

Finally, we use a conditional random forest with the conditional permutation importance measure
as described in Strobl et al. (2008) and Section 5.5.3.4. The RF favours features that have more
possible cuts like (countably) inifinite sets do. Continuous variables are inifinite sets and therefore
are more likely to get selected as an important feature than variables with finite values. Our feature
sets consists mostly of continuous variables, however one could argue that the redshift estimate Z is
not continuous as it has been calculated at at finite step size of 0.01. We therefore expect the previous
importance measures to disfavour the potentially important Z feature, whereas the conditional random

forest should remove that bias.

We make use of the party package in R which includes cforest, an implementation of the con-
ditional random forest, and a conditional permutation importance measure varimp (Hothorn et al.,
2006; Strobl et al., 2009). We further use the varImp package to use varImpAUC, a conditional per-

mutation importance measure based on the AUC score for unbalanced data sets (Janitza et al., 2013).

8.2.3.4 Balancing the dataset

In order to tackle an imbalanced dataset, one can either undersample the majority class or upsample
the minority class. The former is done by the BalancedRandomForestClassifier of the Python
package imblearn (Lemaitre et al., 2016). The latter can be achieved by creating new samples of the
minority class. We use the Python package SMOTE (Chawla et al., 2011) that uses k-nearest neighbours
of the minority class to create artificial data. We use it to upsample the quasar (minority) class for
feature set A in the training set. This is done separately for each iteration in the stratified 10-fold
cross validation. It is not used for the whole dataset in order to not create any overoptimism in the
classification results (Blagus & Lusa, 2015; Santos et al., 2018). It is further not used for feature set

B as k-nearest neighbours does not work well in high dimensions (Weber et al., 1998).

In addition to using the BalancedRandomForestClassifier to undersample the majority class, we
also use it to balance the weights in the loss function of the classifier such that the classifier is given

a larger penalty for misclassifying any of the candidates in the quasar sample set. This is because we
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do not want to miss out on any possible quasar candidate, even if that means that some non-quasars

will contaminate the results.

One should note that these are artificially created positive candidates and are not a function of the
quasar’s SED templates or of the astronomical images. Hence, using k-nearest neighbour could create
samples that do not actually represent quasar candidates but rather contaminants. In our case the
performance was improved by these steps, but it might be worth considering to change this approach

in future.

8.2.3.5 Testing against artificial positive candidates

Finally, we generate artificial postage stamps that follow the SED of a quasar, as is described in
Section 7.3.1. These artificial candidates are then run through the pipelines and form a separate
testing set. We expect the majority of these generated candidates to be accepted as possible quasar
candidates. Since the templates are scaled on the J—band flux, an unrealistic large/small flux in J can
result in a low quasar probability. However, the chi-squared values should be small. These artificial

candidates help us to find weaknesses in our classifiers.

8.3 Results

We describe how well our classifier can reproduce and enhance the results by Mortlock et al. (2012).
It is important to point out that the labels are not ground truths except for the 14 spectroscopically
confirmed quasars in the set. The human classification error in the ImageNet Large Scale Visual
Recognition Challenge was estimated to be 5.1% (Russakovsky et al., 2014). Due to the complexity
of quasar classification we expect an even larger error rate in this dataset. Thus, for our training
set 1, it is not desirable that the classifier reaches an accuracy of 100% since this would indicate
overfitting. For our training set 2, however, candidates with a low quasar probability P, < 0.01 have
been removed and as such we expect the error rate to decrease. This is because we assume that most
errors will have been made for candidates that look like quasars but are actually much more likely to

be contaminants.

8.3.1 Performance measure

As the number of positive samples in our dataset is very small, just classifying nearly every candidate
as a contaminant (non-quasar) would already give a high accuracy, giving us a false sense of the

effectiveness of our classifier. We therefore need a different performance measure, one that shows
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how many of our quasar candidates have correctly been accepted and how many have been incorrectly

rejected.

ROC curve
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Figure 8.4: A Receiver Operating Characteristic (ROC) curve. The x-axis shows the False Positive
Rate (FPR), and the y-axis the True Positive Rate (TPR). In blue a model that assigns random labels,
giving an AUC score of 0.5. Orange shows a good classifier with AUC > 0.5 and green a perfect
classifier with AUC = 1.0.

Hence, we use ROC AUC score as our performance measure. AUC stands for ‘area under the curve’,
and ROC stands for ‘receiver operating characteristic curve’. Therefore, ROC AUC is the area under
the receiver operating characteristic curve. The ROC AUC is the integral over the ROC curve that plots
the true positive rate (TPR) vs. the false positive rate (FPR) for a range of classification thresholds.
The TPR and FPR rates are defined as

TP TP

TPR = — =— (8.1)
P TP+FN
FP FP

FPR = —=— (8.2)
N ~ FP+TN

where N (P) the actual number of negative (positive) samples and FN (FP) the number of positive
(negative) samples that have been falsely classified as negative (positive) by our model. A classifier
that assigns random labels has an AUC score of 0.5. A perfect classifier has AUC = 1. This is
illustrated in Figure 8.4. A classifier can have a high accuracy but a low AUC score if e.g. the

fractional number of quasars that have been accepted is low.

8.3.2 C(lassification results

The results for the RF, DT and two-metric threshold threshold classifier (from Chapter 7) on training
set 1 are shown in Table 8.2, where the results for the RF and the DT were obtained using 10-fold
stratified cross validation. The results are shown for feature set A and feature set B. The cross-
validation results for training set 2 are shown in Table 8.3. The tuned parameters of the RF are shown
in Table 8.4.
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AUC
Classifier | Feature set A | Feature set B
RF 0.82 +£0.02 0.93 +£0.01
DT 0.79 £ 0.03 0.87 +£0.02
Two-metric 0.57 /

Table 8.2: The classification results (AUC score) for the random forest, the decision tree and the two-
metric threshold classifier on training set 1. For the RF and the DT 10-fold stratified cross validation
has been applied. The second column shows the AUC scores using the survey-independent feature
set (set A). The third column shows the AUC scores for the complete feature set (set B).

AUC
Classifier | Feature set A | Feature set B
RF 0.83 +0.06 0.94 + 0.04
DT 0.80 +£0.05 0.87 +0.06
Two-metric 0.73 /

Table 8.3: The classification results (AUC score) for the random forest, the decision tree and the two-
metric threshold classifier on training set 2 (P4 > 0.01). For the RF and the DT 10-fold stratified cross
validation has been applied. The second column shows the AUC scores using the survey-independent
feature set (set A). The third column shows the AUC scores for the complete feature set (set B).

The best results are achieved with the RF using training set 2 and feature set B, giving an AUC score
of 0.94 + 0.05. Intuitively it makes sense that using training set 2 gives better results, since a large
fraction of the visually accepted candidates had a low quasar probability. The ROC curve for different
instances of the classifiers for training set 2 and both feature sets are shown in Fig. 8.5, together
with the classification threshold that is furthest away from the diagonal. The confusion matrix of
the DT and RF for the corresponding thresholds can be seen in Figures 8.6 and 8.7. A low number
of FN is desired as we do not want to miss out on any quasar candidate. The first row defines the
pool of negative candidates (N), and the second row the good candidates (P). The diagonal elements
correspond to the correctly classified candidates (TN and TP). The off-diagonal elements correspond
to the incorrectly classified samples (FN and FP). The thresholds can be chosen along the ROC curve
depending on the level of completeness and consistency one would like to achieve. We are willing to
pay the price for a slightly larger amount of FP if we can keep the amount of FN low. Compared to
training set B, the number of false positives and false negatives would approximately double for the

RF applied on training set A.

The redshift histogram of the false positives and false negatives is shown in Figure 9.6. The FP and
FN have been obtained by running 20 random forest classifiers and collecting the FP and FN of their
respective test sets. In a), we do not remove any duplicates. In b), we do remove the duplicates.
In both figures, we can see a significant peak at redshift bin z ~ 5.5 for the false negatives. This
is likely due to the face that a significant proportion of our input candidate list is predicted to be at
around that redshift. It is also better to miss out on quasars that are at the lower redshift end of our

classification compared to higher redshift ones. There is another strong peak at 7 < z < 7.5 when we
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Parameter | Value
max_depth 10
class_weight "balanced’
criterion ’gini’
bootstrap True
max_features ‘sqrt’
min_samples_leaf 4
min_samples_split 2
warm_start False
n_estimators 500

Table 8.4: Tuned parameters of the RF as described in Sec. 8.2.3.2, implemented via the
BalancedRandomForestClassifier of the Python package imblearn (Lemaitre et al., 2016).

do not remove the duplicates, which means that there are a few high-redshift quasar candidates that
are often misclassified. This peak is reduced when the duplicates are removed. For the false positive
candidates, the predicted quasar redshift is meaningless since these sources are no quasars. But it is
still interesting in which predicted quasar redshift bins our sources of contamination lie. Here, there
are peaks at the around the same redshifts as for the false negatives, but they are greatly reduced and

are not significant.

The RF outperforms the other classifiers on both feature sets and on both training sets. The DT
consistently has a lower AUC score than the RF, although the performance of the DT on feature set B
is better than the performance of the RF on feature set A. The two-metric threshold classifier has the
lowest classification performance in both training sets but in return has reproducible and interpretable

results.

Looking at the summary results in Tables 8.2 and 8.3, there is about a 10% difference in the AUC
score between using feature set A and feature set B. This indicates that feature set A already provides
the most important information, but that having more redshift-dependent information in feature set B

will always improve the classification results.

Further, there is about a 1% increase in performance for the machine learning classifiers in training
set 2 compared to training set 1. The two-metric threshold classifier, however, increases substantially
by 16% from AUC = 0.57 to AUC = 0.73. This indicates that

e Most of the visual misclassifications occur at low quasar probability. Thus, the accuracy of the

visual labels in training set 2 is higher than for the labels in training set 1.

e The substantial decrease in training candidates from training set 1 to training set 2 makes train-
ing the machine learning classifiers (DT, RF) more difficult. Thus, for training set 2, the effect

of increased visual labelling accuracy is outweighed by the decrease in candidates.

We pre-train the RF on a set that contains sources from training set 1 but not any sources from training
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(b) Feature set B

Figure 8.5: ROC curve for an instance of the random forest in blue and the decision tree in orange
using training set 2 (consisting of candidates with P, > 0.01) with a) Feature set A b) Feature set
B. In red a classifier that assigns random labels (AUC = 0.5). The RF gives the best classification
performance with feature set B with an AUC score of AUC = 0.96. The DT gives AUC = 0.88. The
classification thresholds that achieve the greatest distance from the diagonal are marked on the curves.
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Figure 8.6: Confusion matrix for the DT threshold as in Fig. 8.5 for a) Feature set A and b) Feature
set B. While the diagonal represents the correctly classified candidates, the off-diagonal elements are

incorrectly classified candidates. The top row represent the overall visually rejected candidates and
the bottom row represent the visually accepted candidates.
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Figure 8.7: Confusion matrix for the RF thresholds as in Fig. 8.5 for a) Feature set A and b) Feature
set B. While the diagonal represents the correctly classified candidates, the off-diagonal elements are
incorrectly classified candidates. The top row represent the overall visually rejected candidates and
the bottom row represent the visually accepted candidates.
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Figure 8.8: Predicted quasar redshifts for a set of false positives and false negatives. These have been
obtained by accumulating the false positives and false negatives of each test set of 20 random forest
classifiers which each have been trained on a random subset of the candidate list. In a), the list of FP
and FN contain duplicates since some of the test sets of the individual classifiers will overlap. In b),
duplicates are removed. Note that the predicted quasar redshift is not meaningful for the false positive
sources.



8.3. Results 199

set 2 (the algebraic difference between the two) to see if the performance increases by including more
candidates. We set the classification labels of the pretrained set to ‘0’, although we leave a handful
of positive candidates such that the classifier can actually train on the data. However, we do not
see an enhanced performance from pretraining. This is likely because the pretrained data is not

representative of training set 2 and thus does not help in the classification performance.

Independent of the feature and training set, the RF and DT correctly classify all of the 14 confirmed

quasars in the set. This is discussed in Sec. 8.3.4.

In addition, 100% of our generated mock quasars are accepted by the classifiers. The reduced chi-
squared value of the generated quasars is with ¥*> = 0.997 close to 1 as expected. This means that the
quasar candidates in training set 2 that get rejected by the classifier either do not follow any of the 9

SED templates or cannot be reconstructed with the PSF of the specific survey.

8.3.3 Dimensionality reduction

As many of our features are correlated, there is no unique minimum set that achieves the same result
as our baseline performance (see Table 8.2 and 8.3). Thus, it is not possible to rank all the features by
their importance. However, some features will be present in all minimum feature sets, which can be

used as a measure of their significance.

We run the permutation feature importance measure on the DT classifier and one of the feature sets
we obtain is {{2,., 4, SNR_, F;, Fx} , with the first feature in the set being the most important feature
and decreasing in importance after that. Running the DT classifier with just these 5 features gives us
our baseline DT performance of AUC = 0.87. We then plot several DT to make sure that the cuts on
these features are sensible. We note that at least one of the chi-squared summary values is needed in

all of the feature sets to give AUC = 0.87, indicating that these are part of the most important features.

For the RF with training set 2 we tested several different methods in order to reduce the number of
features used by the classifier. Firstly, using linear PCA, we need the 12 eigenvectors that correspond
to the largest eigenvalues to explain 95% of the total variance in the data. This gives us an AUC score
of AUC = 0.83 + 0.12, about 10% less than our baseline performance. Using 20 features to explain
99% of the variance gives AUC = 0.84 + 0.07, only slightly better than before. This indicates that
either only a subset of our candidates are linearly separable or that some of the important features

have very low variance and thus are not included.

Using again 20 eigenvectors but with a cosine kernel projection, we retrieve AUC = 0.88 + 0.09.
Using a polynomial kernel we obtain AUC = 0.89 + 0.11. This is an improvement from linear PCA,
suggesting that we do need non-linear components in our feature set. However, it is still below our
baseline performance of around AUC = 0.94. Using more components does not significantly improve

the performance of the RE. This means that some information is lost by using eigenvectors as our
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feature set. Consequently, none of the transformations as described in 8.2.3.3 can linearly separate

our two classes.

With the built-in MDI scikit-1learn random forest importance measure we achieve AUC = 0.90 +
0.08 with the 20 most important features. The top 5 ranked features are F, SNR_, ¥, ¥2,, and x3 in
decreasing order. This seems plausible as the Lyman-alpha emission line will occur in Y for z ~ 6.5,
and the Gunn-Peterson trough should be ’visible’ in z and the bands below. We obtain similar results
when applying the permutation importance measure, where the redshift estimate has been selected as

the most important feature.

We have seen that by either compressing or down-scaling the data in training set 2 to 20 features, we
decrease the AUC score by up to 10%. This is about the same decrease as when we use feature set A,

which consists of only 5 features. In those cases it therefore makes sense to use feature set A instead.

The best results are achieved by using the conditional random forest combined with the conditional
feature importance measure, where the 10 most important features can be seen in Fig. 8.9. The fact
that 5 of our chi-squared measures are selected in the top 6 features gives us confidence that our model
is a good way to test if a source is a quasar. )Zgos,max is listed as the most important feature. The idea
behind )Zgos,max is that if the maximum chi-squared value is large even when the position is fitted, then
that source must be a bad candidate. In return, if )?12305 is much smaller than > then this would imply
that the source has moved. ¥2, can detect outliers in the sense that an SED might be a great fit in
all bands except for one, where the fit is really bad. The reduced chi-squared value might still be

relatively small, whereas 2, will be large and thus this source would be rightly rejected.

Using these 10 features (Fig. 8.9) we already achieve a classification score of AUC = 0.92 + 0.05.
Using the top 5 features {2, 25> ¥max: Xpos.maxs F2} gives us AUC = 0.89 + 0.06. Hence, using flux
in the z band, F, instead of the quasar probability P, in feature set A gives a 7% increase in the

classification score (see Table 8.2).

We do not see any significant difference between the conditional permutation importance measure
based on the mean decrease in accuracy or the AUC score. We assume that this is due to the fact that
training set 2 is balanced enough for the positive samples to have an impact on the accuracy. We still

recommend to use varImpAUC (with conditional=TRUE) in future settings.

As a result, we cannot find a small subset of features that gives us back the same classification score
as when we use all features. We therefore conclude that all of our features contribute to some extent to
the overall result and that none of our features is redundant. We see that only 10 features are required
to get an AUC score of ~ 0.92, but that for the last 2 percent we need the remaining features. Some
of the sources that the remaining features can capture are outliers in the sense that they have a low
(large) reduced chi-squared value but actually are visually rejected (accepted). And essentially if the

flux and flux errors are known in all passbands, the random forest is able to approximately reconstruct
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Feature importance
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Figure 8.9: The 10 most important features for feature set B and training set 2, as obtained by the
conditional permutation importance measure of 10 instances of a conditional random forest. The lines
in the grey boxes represent the median values. The grey boxes themselves represent values between
the 25th percentile and the 75th percentile. This box contains 50% of the data, and its length along
the y-axis is called the interquartile range (IQR). The lines emerging from the box are the so-called
‘whiskers’. The end of the lines represent the minimum and maximum points within 1.5X IQR from
the grey box. Points exceeding that are marked as dots.

The most important feature is given by )Zf,osvmax, followed by i2,,.. The top 4 features are all redshift-
independent which is a sign that our method can distinguish well between quasars and non-quasars.
The features of passbands z and Y are important as they indicate the boundary between the Lyman-
alpha emission line and the Gunn-Peterson trough. E.g., you would expect a large flux in z for redshifts
7 < 6, whereas you would expect a low flux in z and a large flux in Y for redshifts z > 7.0. The overall
small importance values indicate that the features are correlated as expected.
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the SED templates. In addition, any feature that helps to detect the Lyman-alpha emission line and

the Gunn-Peterson trough will help in the identification of quasars.

8.3.4 Discussion

We show a subset of sources that had been accepted via the original visual inspection of (Mortlock
etal., 2012) but rejected by our classifier and vice versa. These exemplify the limits of our method but

also its strengths when it correctly flags candidates that originally had been assigned incorrect labels.

8.3.4.1 Limitations of this method

The RF and DT correctly classify all confirmed quasars in the set, independent of which feature set is
chosen. However, there is a subset of candidates that get misclassified. We only show misclassifica-

tions from the RF since that classifier is more accurate than the DT.

Examples of false negatives We show some representative examples of candidates that were ac-

cepted by visual inspection but were rejected by our ML classifier.

An example of a false negative can be seen in Figure 8.10. This source neither looks like a typical
quasar nor a contaminant, and hence gives a large maximum residual chi-squared of 2. = 4.36.
However, the model of a high-redshift quasar fits better than that of the contaminants, which is con-
firmed by a high quasar probability of P, = 0.98. It is possible that this is a moving source that has
moved outside the postage stamp, in which case the rejection by the RF would be correct.

Another example can be seen in Figure 8.11. This source was rejected by the RF as the central source
is so bright that it cannot be modelled by our point spread functions anymore. This and the difference

between predicted and observed fluxes lead to a high residual chi-squared value of §* = 217.37.

Some candidates will be rejected based on one ‘bad’ run of a source, e.g. where the photometry is
unusable. We mostly mitigate this effect by discarding images with any data processing issues, but
images with processing issues that have not been flagged by either the database or our pipeline will
make the residual chi-squared values larger. One could also remove runs that significantly deviate
from the other runs, e.g. large deviations in magnitude, as this would be an indication that the pho-
tometry of that run is wrong rather than the whole object being discarded. However, it could also

indicate a moving source in which case we do want to keep the images.

Examples of false positives Using our RF, the number of FP always outnumbers the number of FN
since we penalise the classifier more for missing a quasar compared to classifying a contaminant as a

quasar. We show several examples of likely false positives.
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(a) Original

(b) Residual using the best-fit quasar SED

Figure 8.10: Candidate J000405.89—005342.6 has a positive visual classification label but often gets
rejected by the RF. a) Original image data in SDSS and UKIDSS LAS, b) Residual using the best-fit
quasar SED. It has a high quasar probability of P, = 0.98, but also a large maximum chi-squared
value of ¢, = 4.36.

(b) Residual using the best-fit quasar SED

Figure 8.11: Candidate J232822.85+151813.3 has a positive visual classification label but often gets
rejected by the RF. a) Original image data in SDSS and UKIDSS LAS, b) Residual using the best-fit
quasar SED. This source has a an average and maximum residual chi-squared value of §*> = 217.37
and ¥2,. = 1070.73, and hence is rejected by the RF, DT and two-metric threshold classifier. This is
due to a difference in observed and predicted flux, and due to a source shape that we cannot properly
capture with our point spread function in neither SDSS nor UKIDSS.

For instance, candidates with cross-talk artifacts that are not necessarily visible to the naked eye
sometimes do get accepted by the classifier when they should not. Cross-talk processing issues have
an effect on the measured photometry of a source and hence paints the observed fluxes unreliable.
Examples of candidates with cross-talk issues that are accepted by our machine learning classifiers are
shown in Figures 8.12 - 8.13. J033404.44+001003.4 in Figure 8.12 has a very low quasar probability
due to the dropout in the optical. However, our ML classifiers sometimes accept this candidate. In
comparison, the candidate in Figure 8.13 has a high quasar probability of Py = 1.00 at predicted
redshift 2 = 5.50, and low residual chi-squared values of ¥* = 1.16 and 2., = 1.86. However,
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Y K

Figure 8.12: Candidate J033404.44+001003.4 had originally been rejected via visual inspection due
to cross-talk. This candidate often gets accepted by the machine learning classifiers.

(b) Residual using the best-fit quasar SED

Figure 8.13: Candidate JO85003.71-010507.8 has been rejected by visual inspection due to cross-talk
issues. However, the RF often accepts this candidate. a) Original image data in SDSS and UKIDSS
LAS, b) Residual using the best-fit quasar SED. It has a high quasar probability P, = 1.00 and a low
residual chi-squared value ¥ = 1.16.

(b) Residual using the best-fit quasar SED

Figure 8.14: Candidate J095350.69+112449.8 has been rejected by visual inspection but often gets
accepted by the RF. a) Original image data in SDSS and UKIDSS LAS, b) Residual using the best-fit
quasar SED. The quasar probability is high at P; = 1.00 with Z = 5.32, and low chi-squared values of
¥*=128and i3, =2.18.

cross-talk paints the images as unreliable.

Candidate J095350.69+112449.8 in Figure 8.14 has a quasar probability of 1 and low chi-squared
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(a) Original

(b) Residual using the best-fit quasar SED

Figure 8.15: Candidate J105208.71—-005847.0 has been rejected by visual inspection due to a diffrac-
tion spike but has been incorrectly accepted by the DT and RF. a) Original image data in SDSS and
UKIDSS LAS, b) Residual using the best-fit quasar SED.

(b) Residual using the best-fit quasar SED

Figure 8.16: Candidate J134452.654+093505.3 has been rejected by visual inspection since the image
consists mostly of noise. It has been accepted by the RF due to a large quasar probability of P, = 0.96
and a low residual chi-squared value of §?> = 1.19. a) Original image data in SDSS and UKIDSS LAS,
b) Residual using the best-fit quasar SED.

values of y* = 1.28 and ¥2,, = 2.18. This source might have been rejected due to non-zero flux
in r, which indicates a redshift smaller than 6.5 if it was a quasar. However, since the initial visual
classification we have updated the SED templates to be able to handle high-redshift quasars down to
7z = 5.2. Hence, this might actually be a quasar at redshift z ~ 5.2. We could instead label all possible
lower-redshift quasars z = 5.2 — 6.5 as accepted and filter out the desired predicted redshift range later

on.

Candidate J105208.71-005847.0 in Figure 8.15 is close to a diffraction spike and hence has been
rejected via visual inspection. Our metrics and ML classifiers are not able to pick this up and they

incorrectly accept this candidate.
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(a) Original

(b) Residual using the best-fit quasar SED

Figure 8.17: Candidate J152920.26+015436.4 has been rejected by visual inspection since the source
appears to have moved between SDSS and UKIDSS. It is accepted by the RF. a) Original image data
in SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. The movement in SDSS is
shown outside the cross-hair and hence our metrics do not pick this up. Instead, it gives a large quasar
probability of P, = 1.00 and relatively low chi-squared values of * = 1.39 and ¥, = 3.75.

Candidate J134452.65+093505.3 in Figure 8.16 essentially just consists of noise. This easily leads to
low chi-squared values of ¥* = 1.19 and ¥2,,, = 1.62 as the source is modelled with zero flux in most
bands. Due to the small non-zero flux in H and K the quasar model fits the observed photometry best

and gets a quasar probability of P, = 0.96 with a predicted redshift of Z = 6.90.

Figure 8.17 shows a candidate that seems to have moved between SDSS and UKIDSS and therefore
was rejected via visual classification. However, the movement in SDSS is outside the cross-hair and
hence is not captured by our metrics. A quasar probability of P, = 1.00 at estimated redshift Z = 7.31
and relatively low chi-squared values of ¥* = 1.39 and %2, = 3.75 leads the machine learning

classifiers to sometimes accept this candidate.

8.3.4.2 C(lassification cleaning tool

Our classifier further acts as a data cleaning tool by identifying candidates that have been labelled

incorrectly during the original visual inspection.

Examples of candidates that have been flagged both by our two-metric threshold selection classifier

and our machine learning classifiers are shown in Chapter 7 in Figures 7.22 and 7.23.

Other moving candidates are shown in Figures 8.18 - 8.20. Candidate J003556.65+002931.9 in Figure
8.18 is clearly moving in the NIR bands. In the initial visual classification, this source was classified
as accepted. Our classifiers correctly rejected this candidate. Looking at the original image at the top,
we can see that the source begins to move in the Y-band. This is also where the reduced chi-squared

value is the largest with ¥2, = 22.68. This can also be seen in the residual image at the bottom, where
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(b) Residual using the best-fit quasar SED

Figure 8.18: Candidate J003556.65+002931.9 is a moving source. It had originally been visually
classified as accepted, but was correctly rejected by our RF, DT and two-metric threshold classifier. a)
Original image data in SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. Although
the source has a quasar probability of 1, it has a large maximum chi-squared value ¥?, = 22.68in Y.
In filter J, the source has already moved outside the cross hair and hence the chi-squared returns to
smaller values.

(b) Residual using the best-fit quasar SED
Figure 8.19: Candidate J003648.23+001851.3 is a moving source. It had originally been visually
classified as accepted, but was correctly rejected by our RF, DT and two-metric threshold classifier.
a) Original image data in SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. The

maximum residual chi-squared value is ¥2,, = 22.68 in Y due to a lower predicted flux compared to
the actual one.

there is a signicant source flux left in Y.e In Figure 8.19, the maximum reduced chi-squared value of
J003648.23+001851.3 is also in ¥ with 2, = 18.43. This time the source does not appear to be
moving in Y, but due to the zero flux in every band except for Y, the predicted flux in Y is much lower
than the actual flux. Figure 8.20 shows another such candidate, with a maximum residual chi-squared

value of ¥2, =5.60in Y.

Examples of sources that were originally rejected by the visual classification but are actual good
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(a) Original

(b) Residual using the best-fit quasar SED

Figure 8.20: Candidate J003137.03+001232.8 is a moving source. It had originally been visually
classified as accepted, but was correctly rejected by our machine learning classifiers. a) Original
image data in SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. The maximum
chi-squared value can again be found in Y with ¥2.. = 5.60, which is again due to a large difference
in predicted best fit quasar SED flux and the actual observed flux.

(b) Residual using the best-fit quasar SED
Figure 8.21: Candidate J115132.21+075108.8 is a possible quasar candidate. It had originally been
visually rejected, but our RF, DT and two-metric threshold classifier accepted this source. a) Original
image data in SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. The low chi-

squared values of > = 1.22 and 2, = 1.83 indicate that this source is a possible high-redshift
quasar with predicted redshift of Z = 7.5.

quasar candidates can be seen in Figures 8.21 - 8.22. The source seen in Figure 8.21 appears to have
a Gunn-Peterson trough, and fits well to one of our quasar SEDs with {* = 1.22 and ¥2,, = 1.83. Its
predicted redshift is Z = 7.5 with a quasar probability of Py = 0.01. Candidate J140823.78+075826.9
in Figure 8.22 has a quasar probability of P, = 0.89 at predicted redshift of Z = 5.8 and therefore
its classification was changed to ‘accepted’. The largest residual chi-squared value is in band z with
X2 = 2.84 due to a difference between the calculated and predicted flux, and due to a non-point-

source-like appearance possibly due to some data processing issues.
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(a) Original

(b) Residual using the best-fit quasar SED

Figure 8.22: Candidate J140823.78+075826.9 is a possible quasar candidate. It had originally been
visually rejected, but our RF, DT and two-metric threshold classifier accepted this source. a) Original
image data in SDSS and UKIDSS LAS, b) Residual using the best-fit quasar SED. This candidate has
with Py = 0.89 a high quasar probability. Its predicted redshift is at Z = 5.8.

8.4 Conclusions

Starting from sky locations of a list of ~ 4300 cross-matched SDSS and UKIDSS LAS sources, se-
lected and labelled by Mortlock et al. (2012), we apply the pipeline from Section 6 that first processes
the candidates and extracts information such as database and PSF photometry, chi-squared goodness
of fit f* and quasar probability P,. Next, we discard candidates with Py < 0.01 in order to get rid of
the majority of contaminants. The feature set from the remaining pool of candidates is fed into two
different classifiers: a decision tree of depth d = 4 for interpretability and a random forest with bal-
anced weights. The best results are obtained with the random forest with an AUC score of 0.94 +0.04.
Using a survey- and redshift-independent feature set, we achieve AUC = 0.83 + 0.06, which approxi-
mately doubles the number of false positives and false negatives compared to training set B (but from

a low baseline).

This can be adapted for use for upcoming surveys such as LSST and Euclid. The random forest will
have to be trained on a new training set of similar size to the one discussed here. However, cuts in
the quasar probability and/or redshift estimate can be applied either before or after going through the
machine learning classifiers. This allows to sift out candidates which are not worth reviewing such

that only interesting candidates will have to be visually inspected.
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CNN classification on raw image data

A convolutional neural network is a type of ANN that uses convolutions on pixel data, where the
convolved kernels represent the learnt features. CNNs are described in detail in Section 5.7. They
have been widely used in astronomy, for example to detect gravitational lenses (Schaefer et al., 2018;
Davies et al., 2019a) and radio galaxies (Aniyan & Thorat, 2017), or to differentiate between stars
and galaxies (Kim & Brunner, 2017). For quasar research they have been successfully applied to
e.g. detect the photometric redshift of quasars in SDSS stripe 82 (Pasquet-Itam & Pasquet, 2018b),
to classify damped Lya systems from spectral data (Parks et al., 2018b), and to identify BAL quasars
(Guo & Martini, 2019b).

Our data processing pipeline (see Chapter 6) obtains all the available image data in SDSS and
UKIDSS. This image data then gets summarised to be used in e.g. the two-metric classifier (see
Chapter 7). However, this does not make use of the complete image data. We therefore implement
a convolutional neural network that classifies high-redshift quasars and contaminants, and uses the
postage stamp images as its input. Compared to tree-based algorithms such as the decision tree and
the random forest, the CNN learns relevant features in a purely data-driven way rather than having
to rely on specific pre-defined features. However, the CNN has to be retrained and adapted for each

individual survey, and surveys with different image properties cannot be easily combined.

9.1 Overview

Well-known CNN models such as AlexNet (Krizhevsky et al., 2017) and ResNet (He et al., 2015)
require large datasets that we do not have. For instance, AlexNet has been trained on image data
of order > 10°. This is much larger than our dataset of a couple of thousand images. In addition,
typical CNNs make use of pooling layers which give some translational invariance of a feature. This

is something we are not interested in, and actually specifically do not want, since we want to detect if

210
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a source has moved between the filters.

CNN
\ CNN |—s  Final
Classification

Figure 9.1: Hierarchical architecture for the convolutional neural network. The first CNN only takes
image data of SDSS, whereas the second CNN takes the output of the first CNN together with the
UKIDSS image data as an input. The output of the second CNN then corresponds to the final classi-
fication.

Therefore, we develop our own architecture that is not very deep and does not consist of any pooling
layers in order to differentiate high-redshift quasars from contaminants. We build it as a hierarchical
CNN classifier consisting of two CNNs - one for SDSS and one for UKIDSS. The input for a given
source in each survey’s CNN is the postage stamp data in all passbands of the survey. For SDSS, this
is the set of postage stamps in u, g, r, i, z. The CNN for UKIDSS has the survey images in ¥, J, H, K as
its input, and in addition is fed the classification output (high-redshift quasar or contaminant) from
the CNN of SDSS. This hierarchy represents an iterative refinement on the classification, which is
illustrated in Figure 9.1. It is similar to the visual classification labels by Mortlock et al. (2012), who
labelled the sources first in SDSS and subsequently in UKIDSS. Details on the visual classification

labels are given in appendix A.

One of the advantages of the hierarchical CNN is that if in future we ever wanted to include a third
survey, then the CNNs for SDSS and UKIDSS would not have to be re-trained. If instead we had
one single CNN that included the images of all surveys, then it would have to be re-trained for each
new survey that is added. One could have also implemented one CNN for each survey individually
and combine the results at the end. However, then the results are only combined at the very end at
the deepest layer where not a lot of training occurs anymore. This would likely lead to incorrect
results. An even better solution would be to have individual CNNs that are very shallow with a
multidimensional output that then could be combined with a few more dense layers. This would then
allow for information to be passed between the different surveys. However, it is not clear what this

multidimensional output should be trained against (i.e. what the output labels/images would be).

In order to handle an imbalanced training set, we artificially increase the number of positive samples

by augmenting the data - for instance, rotating/flipping the image and injecting noise.

The training set is described in Section 9.2. In Section 9.3 we outline the architecture choices of
the CNN that forms the building block of the hierarchy. The data augmentation techniques for the

training set are reported in Section 9.4. Finally, the results are presented in Section 9.5.
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9.2 Training dataset

We lay out the dataset that we are using for training and testing our CNN classifier.

9.2.1 Survey data

As with the dataset in Sections 7.4 and 8.1, we use optical data from the SDSS DR12 (Alam et al.,
2015) and NIR data from the UKIDSS DR10PLUS LAS survey (Lawrence et al., 2007).

9.2.2 Training data

There are two classes: contaminant (class 0) and high-redshift quasar (class 1). A candidate is repre-
sented by the combination of one image per band of a given survey. So if a survey has 4 photometric
bands, then an input sample source is represented by 4 images. This then acts as the input for the

CNN (see Section 9.3). The output label is either O for a contaminant of 1 for a high-redshift quasar.

Instead of the validation set in Section 7.4 and the training set in Section 8.1, here we make use of the
image data only, and do not query the surveys’ databases in any way other than to retrieve the images
and the locations of nearby sources. The initial dataset consists of ~ 4300 candidates that have been
inspected and labelled by Mortlock et al. (2012), who have used broad colour cuts as a pre-processing
step (see Figure 3.11) to filter out most of the contaminants. While Mortlock et al. (2012) have used
SDSS DR7 (Abazajian et al., 2009) and UKIDSS DR7 as the available survey data at the time, here
we use the updated images from SDSS DR12 (Alam et al., 2015) and UKIDSS DR10PLUS (Dye
et al., 2000).

The labels exist for both surveys separately, such that a source has a classification of either being a
probable quasar candidate (accepted) or being a contaminant (rejected) in every survey. A candidate
is only labelled as accepted if it is visually accepted in both SDSS and UKIDSS. Otherwise, it is

labelled as rejected.

9.2.3 Pre-processing of the training set

We remove candidates from our training set that have missing data or postage stamps filled with NaN
values. Further, we remove the PSF flux of nearby sources from the postage stamp. By removing
nearby sources from the image data, they cannot be interpreted as important to the classification by
the feature detectors of the CNN. In total, we remove 211 visually accepted sources and 1628 visually

rejected sources from our data set. This leaves us with a training set of 2664 candidates.



9.2. Training dataset 213

9.2.3.1 Discard sources with missing images

An astronomical source that has not been observed in all of the passbands results in missing data.
Since the CNN cannot handle missing data, we cannot use sources that are unobserved in at least one
of the survey’s photometric bands. This drastically reduces the initial dataset. The main reason for

this is that we do not download images with data processing issues, as is described in Section 6.1.1.

9.2.3.2 Discard sources with incomplete postage stamps

Some sources lie on the edges of the observing area. As discussed in Section 6.1.2, we fill up such
postage stamps with NaN values. The CNN, however, cannot deal with NaN values or missing data.
We could swap all NaN values with e.g. with the mean of the background flux, but then the CNN
would try to find patterns in the data where there should be none. Hence, we discard such candidates.

In total, we remove 130 candidates from our input list due to incomplete postage stamps.

9.2.3.3 Removing nearby sources from the image

We want the CNN to disregard any source other than the central one. Exceptions are sources that
are too close to the central source of interest such that the photometry cannot be extracted. Other

exceptions are data processing issues within the image.

We therefore do not use the original postage stamp data, but rather use the original postage stamps
minus our reconstructed postage stamp of nearby sources (see Section 6.1.7). That is, we make use of
our reconstructed postage stamps before the central source is reconstructed, as is illustrated in Figure

6.9. We then subtract this reconstructed image from the original data in each band b € B and run ry,
Ib,r;, = Ob,rh - Rb,r;,» (91)

where O the original postage stamp, and R the reconstructed postage stamp without the central source.

Next, we average over all available runs n, in each passband,
1
Ib = — Zlb’rb' (92)

Apart from at least one run of each survey that has images in all bands, additional runs sometimes
only contain image data in a few photometric bands. For instance, we might have additional runs that
only have image data available in z, ¥, H, and the image data in u, g, r, i, J, K is missing. We could not
use such a runs on its own as the input for the CNN, since the CNN does not handle missing data.

What we can do, however, is average over all runs for each band. This makes use of all available
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image data. If we had only used runs that have image data in all bands, we still would have missed

out on incomplete runs that are potentially important to the classification.

For instance, there will be visually rejected candidates that look like quasars in one run and look
like contaminants in at least one other run. It is therefore important to include all available data.
The disadvantage is that the average smoothes out any extreme image data which could lead to the
acceptance of otherwise visually rejected candidates. In the example above, the run that has led to the
rejected visual classification label is the most important one. However, we rather accept a contaminant

than to miss out on a possible quasar candidate.

We also note that we can only reconstruct nearby sources that resemble point sources. Any other
source shape is not captured by our pipeline and hence a nearby galaxy will not be properly removed.
Since most of the candidates that are in the presence of a galaxy are visually rejected, the CNN will
likely learn to detect galaxies and automatically reject such candidates. In general this is fine but it

might lead to some misclassifications.

9.2.3.4 Down-sample images in J

The CNN requires the same image size for all channels. However, the pixel size in J is double that of
the other bands, namely 0.2 arcseconds per pixels compared to 0.4 arcseconds per pixel. Therefore,
the same number of pixels in J as that in the other bands corresponds to half the sky area in arcseconds
compared to the area of the other bands. Instead of using a smaller sky area in J, we down-sample
the double-sized J-band image that covers the same area by half, down to the image size of the other
bands. This is so that the same-sized image captures the same area as the other bands even though

this means a loss of information.

9.3 Architecture

We explain the building blocks of our CNN. The input is different depending on if a single survey is
used or if multiple surveys are combined. For instance, the input varies between the CNN of SDSS
and the CNN of SDSS+UKIDSS. One CNN is trained on SDSS images only. Another CNN has as its
input the output class probability of the CNN of SDSS and the images of UKIDSS. The output of the
CNN represents the probability P (based on the training data) that the input sample is a high-redshift

quasar.

Categorical cross-entropy is used as our loss function (see Appendix C.1.1.1), and the Adam optimizer

is used as our optimization procedure (see Appendix C.1.2.2).
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9.3.1 Input and output of the CNN

Let N be the total number of input samples and N, be the number of classes for these inputs. The
class labels are given by y, where each element can take on any value in {0, .., N. — 1}. Further, let d,
be the input to the CNN for sample n < N.

The input for a source is given by the set of postage stamp images {I,, ,},<p that contains each passband
b € B. Each band image I,,;, has dimensions of / X [. So if a survey has 7n.4n.;s number of passbands,
then the input d,, = {I,,,}, for the CNN has dimensions of (%osgumeis X [ X [). For any subsequent CNN
the input has dimensions of (n¢nanners X I X I, Nepannets), since the output of the previous CNN is included

in the input. This can be written as

ﬁ . an‘hannelleXl — RNC (93)
f}(>] . (Rnr/uznne/leXl, RNP) — RNC s (94)

where fi corresponds to the (unknown) function that is learned by the first CNN, and f;.; the (un-
known) function that is learned by any subsequent CNN. For the k™ CNN the input is thus given by
({Lp}pens fio1 {Lp}pen)). If we have K CNNs, then the individual CNNs are combined together in a

hierarchy to form the final learned function fx.

The class representations are given by

i € {0,.,N.—1} 9.5)
i, = trueclassofd, (9.6)

Let a, define the output of the CNN before it has been fed through the final activation function,
a,=fd,), Vn=1,.,N. (9.7)

The final result, after the activation function in the last layer of the CNN has been applied to a,,
then corresponds to the probability P(y = ila,) that input d,, is classified as class i. During training,
P(y = i,|a,) will be calculated to see if the CNN has correctly classified input d,, as being part of class
i,. Calculating this probability as part of the loss function and backpropagating its result will help the
CNN to "learn" and update its weights. After training, a input d with @ = f(d) will be classified to
class i for which the probability P(y = ila) is the greatest.

In this case we have two classes (N. = 2), where class 0 corresponds to the candidate not being a
quasar and class 1 represents a possible high-redshift quasar. Our hierarchical classifier consists of
two connected CNNs from SDSS and UKIDSS. For SDSS, we have nguumes = 5 with filters u, g, 1, i, z,
and for UKIDSS we have n. ;s = 4 using the filters Y, J, H, K. Their respective architectures are
shown in Figures 9.2 and 9.3.
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9.3.2 Standardisation

First, we standardise the initial input in each filter. That is, postage stamps of passband u will be
normalized given all the postage stamps in that passband, and so on. That is, for an image I, of filter

f, the normalized image is given by

-y

1
! or

Vfef(l,2,. Ny, (9.8)

where uy the mean and o, the standard deviation of the postage stamps of filter f. The mean and

standard deviation are calculated over the whole dataset for each separate filter.

9.3.3 No pooling layers

Pooling layers (see Section 5.7.2) increase the region of the translational invariance within an input
image. Any information on the location of that feature within that region is thus lost. Thus, using
pooling layers would prevent us from detecting if a source has moved between the bands, and there-
fore we refrain from using any pooling layers. We can do this as our input image size is small, and
hence a few convolutional layers can down-sample the input enough such that the final fully connected

layers do not have too many parameters.

The kernels further lead to regional translational invariance. The larger the kernel size, the smaller
is the translational invariance. If the kernel is the same size as the image then this does not give any
translational invariance as it is not possible for the feature kernel to move over the image. However, a
feature kernel as large as the image creates a large amount of parameters. It further drastically down-
scales the image to one pixel unless non-zero padding is used. If the kernel is only one pixel wide,
then this gives translational invariance over the whole image. However, a kernel of one pixel width
will not be able to pick up any useful features. Our image data is of size 19 X 19 in pixel size, and our

kernel sizes are 5 X 5 at higher layers and 3 X 3 at lower layers.

9.3.4 Channels

Initially, we wanted the CNN to find a relation between two successive filters since these are related.
We therefore first tried to "force" the convolutional neural network to learn features between two
subsequent filters for all channels. That is, to learn features between the u# and g band, g and r band,
r and i band and i and z band. The input was given as image pairs, and these image pairs were then
convolved multiple times before being merged with the output features of the other channel pairs.
This gave similar results compared to convolving over all input channels. It also drastically increased

the amount of parameters and training time. For this reason, and because our dataset containing fewer
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than 5000 candidates is quite small, we changed the architecture to use as many input channels in the
first layer as there are photometric filters in the data. That is, 5 channels in SDSS and 4 channels in

UKIDSS. This drastically decreased the amount of parameters and sped up execution time.

9.3.5 Opverfitting

In order to reduce overfitting, we apply dropout in every second layer, and batch normalization before

every convolutional layer. This is explained in detail in Appendix C.2.3.

9.4 Data augmentation

The number of positive candidates is small. We only have ~ 300 positive samples in our training set,
of which only 14 are spectroscopically confirmed quasars. We augment the given dataset artificially

as to create an equal number of positive and negative candidates.

The following augmentation techniques are implemented:

¢ Eigenvector noise

Before training, we calculate the principal components of the dataset for each band. We can
use these to reduce the dimensionality of the ADU data by projecting the images onto their
eigenvectors. The projected images should contain enough information such that the central
source is still visible. This has the effect of noise reduction and signal filtering. However, we
have found that it does not help in the performance of our CNN, and thus decided to not include
this step. What we do instead is to use the eigenvectors to inject some noise. These are scaled
according to a normal distribution N(0,0.1) and then added to the image.

e Gaussian noise

Gaussian noise N(0, a*> o) is added to each image, where o the standard deviation of the nor-
malized image. Setting the noise level too high makes the central source indiscernible, and
setting it too low does not augment the data enough. We have found that using values 1 <a <2
gave good results.

e Horizontal and vertical flips

Horizontal and vertical flips are applied as these do not change any of the pixel ADU values.

e Rotate by multiples of 90 degrees

Rotations that are multiples of 90 degrees are used. The reason for this is that rotations at any

other angle other than multiples of 90 degrees require the interpolation of the image data. For
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Figure 9.2: Architecture of the convolutional neural network for SDSS.
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9.4. Data augmentation
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Figure 9.3: Architecture of the hierarchical convolutional neural network of SDSS and UKIDSS.
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the central source there are only a handful of pixels that carry most of the information, and

hence an interpolated image might change the shape of the central source and/or reduce the
measured flux.

9.5 Results

We describe how well our CNN classifier can reproduce the results by Mortlock et al. (2012).

Analogously to the applications of the decision tree and the random forest, we use the ROC AUC
score as our performance measure. The overall AUC score was obtained to be 0.90 + 0.05. This has
been calculated by successively selecting a random subset of our complete data set as our training set.
The leftover samples of each iteration were then split up between the test set and the validation set.
The AUC score was then averaged over 10 successions. We plot the ROC curve for an instance of our
hierarchical CNN in Figure 9.4, where the diamond-shaped threshold in the ROC curve corresponds
to a point in the ROC curve that results in the greatest distance from the diagonal. The corresponding

confusion matrix can be seen in Figure 9.5. We can see that the CNN performs worse than the RF,
but better than the DT and the two-metric threshold classifier.

ROC curve
Max distance thresholds: 0.54 (CNN)

1.0
0.8
o
o
=
[0}
4§ 0.6
P Random
> classifier
)
'g 0.4
o
[}
2
F 0.2

—— CNN, AUC: 0.95
—— Random
0.0+

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate (FPR)

Figure 9.4: ROC curve and AUC score for an instance of the CNN. The threshold indicated by the

diamond represents the largest distance from the diagonal. The red line shows the base performance
of random classifications (AUC = 0.5).
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Figure 9.5: Confusion matrix of the CNN, corresponding to the threshold as shown in Figure 9.4.
The number of FN and FP is higher in the CNN than in the RF, which indicates that the RF performs
better.

9.5.1 Misclassifications

We show a few examples of sources where the CNN’s classification is different to the visual classifi-
cation labels. They can be seen in Figures 9.7 - 9.10. The predicted quasar redshift distribution of a
set of false positives and false negatives can be seen in Figure 9.6. We can see no obvious peak in the
predicted redshifts for the false negative candidates, which indicates that there is no specific redshift
bin in which the CNN performs much better or worse. The least amount of false negatives are in the
highest redshift bins which is a good sign, though that is likely just because there are fewer candidates
at those predicted redshifts. The predicted quasar redshift is not meaningful for false positives, though
we can see that these would be predicted at the lower redshift end which is good as that means that

there are less contaminants at the more interesting higher redshift end.

Since the dataset we are using has been visually inspected and hand-labelled, it is clear that at least
some candidates will have been classified incorrectly. Other candidate classifications have been cor-
rectly classified by the CNN, but the initial visual classification was incorrect. These include candi-
dates that have moved or that were accepted in SDSS and rejected in UKIDSS but should have been
rejected in both surveys. Even though the overall classification stays the same, an incorrect classifi-
cation in one of the surveys makes a difference to the overall CNN as the label error not only affects
the current CNN but also any CNN that follows.

Looking at the false negatives shows us the pattern with which the model classifies a candidate incor-
rectly. This includes cases where there is a detector flaw or some data processing issues that were not
flagged by the survey’s database. Before we removed nearby point sources from the input postage
stamp images, the CNN would reject many candidates that were in the immediate vicinity of another

source.
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Figure 9.6: Predicted quasar redshifts for a set of ~ 200 false positives and ~ 200 false negatives.
These have been obtained by running a test set through the trained CNN. Note that the predicted
quasar redshift is not meaningful for the false positive sources.

9.5.1.1 False negatives

Looking at the false negatives has shown us the pattern with which the model classifies a candidate
as a contaminant. It can also show us candidates where upon visual re-inspection the CNN actually

correctly rejected a candidate and the visual classification label is updated.

Examples of false negatives produced by the CNN can be seen in Figures 9.7 - 9.14. These typically
include candidates that have properties that are rare in the training set, such as having several addi-
tional sources of varying shapes near the central candidate. Upon re-inspecting the candidate seen in
Figure 9.7, the visual classification label is updated to ‘rejected’ based on the significant flux in g.

Therefore, the CNN’s classification is actually correct.

Figure 9.9 shows a candidate that likely was visually observed in only one of the runs. Non-zero flux

in u, g would have otherwise led to the visual rejection of this source.

The reason for the rejection of the source in Figure 9.10 is likely a combination of a very bright non-
point source in the vicinity of the central source, and in addition several other faint extended sources
that are nearby. Our pipeline is not able to properly reconstruct all of these sources since there is at
least one source that does not resemble a point source. Therefore, the residual leaves a remaining
non-zero flux apart from the central source. Input images like these are rare for the CNN as it will
not encounter this specific issue very often. Therefore it is possible to deal with such issues manually.
However, it could be solved by fitting for extended and/or elliptical sources in our data processing
pipeline. Fitting extended sources could be done by our two-Gaussian PSF, with one of the Gaussians
having a large spread. For elliptical sources, another source function would have to be added to the

pipeline.
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Figure 9.7: Candidate J035849.86+003702.4 was accepted based on visual inspection but has been
rejected by the CNN. Upon re-inspection, the visual classification label is changed to ‘rejected’ due
to the significant flux in g.

Figure 9.8: Candidate J083428.80+082752.3 was accepted based on visual inspection but has been
rejected by the CNN. Upon re-inspection, the visual classification label is changed to ‘rejected’ due
to the data processing issues in the optical bands.

Figure 9.9: Candidate J145622.42+065221.3 was accepted based on visual inspection but has been
rejected by the CNN. Upon re-inspection, the visual classification label is changed to ‘rejected’ due
to the variance in flux.
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J H K

Figure 9.10: Candidate J224943.96+052432.5 was accepted based on visual inspection but has been
rejected by the CNN. It was likely rejected by the CNN due to the fact that there are not many training
samples that include several sources.

Figure 9.11: Candidate J010404.13-010741.7 that was visually rejected but has been falsely accepted
by the CNN.

9.5.1.2 False positives

Figures 9.11 - 9.14 show a couple of candidates that have been flagged as false positives repeatedly.

These are sources that were rejected based on visual inspection, but that the CNN labelled as accepted.

These plots show the drawback of taking the average image data over all runs. While one of the runs
has a visible source in Y (and J), the second run does not. This therefore cannot be a quasar. The
average, however, still shows some source flux in Y (and J). Based on this information alone it makes
sense that these source are accepted by the CNN.

9.5.2 Limitations of this method

Overall, for the purpose of this project, the CNN has the following limitations

e Cannot handle varying pixel sizes between channels

e Cannot handle varying orientations between channels
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Figure 9.12: Candidate J090458.51+054423.8 that was visually rejected but has been falsely accepted

by the CNN.
J

Figure 9.13: Candidate J131517.90-002125.0 that was visually rejected but has been falsely accepted

by the CNN.
J

Figure 9.14: Candidate J142241.224+063553.8 that was visually rejected but has been falsely accepted
by the CNN.



226 Chapter 9. CNN classification on raw image data

e Cannot handle missing data

e No prior information or likelihood included

One of the drawbacks of using image data as the input is that the CNN cannot handle varying pixel
scales very well. This is in contrast to the DT and RF from chapter 8. Further, as we have explained
in Section 6.1.3.1, the survey images are oriented in different ways which makes it more difficult for
the CNN to find meaningful features. For future applications it might therefore be a better solution
to align the input images, even if that means that some information is lost. Another drawback of the
CNN is that it cannot handle missing data well such that any incomplete data has to be discarded.
Finally, the classification probability is entirely based on the training set, so that neither any prior
information nor likelihood are included. In this case, the classification is dependent on the survey
(pixel size, ADU values) and the redshift range of the sources in the set. Therefore, if we wanted
to use the CNN on either a different surveys or at a different redshift range, then the entire network
would have to be retrained. This would have to be done on a new training set, which means it would

have to be visually inspected and labelled. This can become time consuming very quickly.

9.6 Conclusions

We have implemented a hierarchical convolutional neural network based on postage stamp data of
SDSS and UKIDSS in order to detect possible high-redshift quasar candidates. The result of AUC =
0.90 + 0.05 gives a good classification performance that is better than the DT and the two-metric
threshold classifier, but worse than the RF (see Sections 7.5 and 8.3).

The good performance comes at the cost of having to re-train the hierarchical CNN for any new
survey. However, most of the computing time will come from the data processing pipeline since we
remove any nearby sources. In general, the fact that the output classification is entirely dependent on

the training set makes the CNN a less useful classifier compared to the RF.

Improvements can be made in the way candidates with multiple runs are summarized. Instead of
averaging over several runs, it would be better to include all available data in some way. This would
also create a larger set of training samples with which the CNN might even outperform the RF. In
future, one could include the artificially generated postage stamp images of quasars and contaminants

(as explained in Section 7.3) in the training set.
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Conclusion

The aim of this project was to automate the selection of high-redshift quasars for the era of Euclid and
LSST. Automating this process enables us to reduce the amount of visual inspection required in the
classification process, which is needed for upcoming surveys that will produce terabytes of data each
day. Our methods were adapted and tested by attempting to recreate the visual classification labels of
quasars at z > 5.2 from Mortlock et al. (2012).

We first establish a good understanding of AGN in Chapter 1. In Chapter 2, we explain quasars
as a subclass of AGN, and why finding quasars at high-redshifts is useful. Chapter 3 then gives
details on what distinguishes high-redshift quasars from other astronomical sources. It also explains
our approach on finding high-redshift quasars based on Bayesian model comparison and machine

learning. Chapters 4 and 5 give background knowledge on these two areas.

Our methods for processing and analysing image data is laid out in Chapter 6. It explains the following

two pipelines that we have built:

1. Data processing. Pipeline 1 assesses image quality. It fits point sources to our candidates of

interest, from which their magnitudes and fluxes can be extracted.

2. Classifies probable z > 5.2 QSOs. Pipeline 2 is used for the classification task of finding

high-redshift quasars, and makes use of the results from pipeline 1.

Our first classifier is based on Bayesian model comparison and is described in Chapter 7. The next
two classifiers are based on machine learning techniques: a random forest (Chapter 8) and a CNN
based on the raw image data (Chapter 9). The RF uses the summarised attributes from pipeline 2,
together with corresponding photometry values from the survey catalogues, as their input. The CNN

uses the postage stamp images in each filter as its input instead.
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Our dataset consists of cross-matched data of ~ 4300 candidates from SDSS and UKIDSS that have
been visually classified by Mortlock et al. (2012). We have seen that all of our classifiers perform
well at reproducing the results. We have also seen that they can act as a cleaning tool, highlighting
candidates that should have been classified differently. The AUC scores of the two-metric threshold
classifier, the RF and the CNN are summarized in Table 10.1.

Classifier | AUC score

Two-metric 0.73
RF 0.94 +£0.04
CNN 0.90 = 0.05

Table 10.1: AUC scores of the RF and the CNN.

The RF achieved the best overall results with an AUC score of 0.94 + 0.04. For a threshold of 0.58, a
FN rate of 1% and a FP rate of 10% were obtained. The two-metric technique gave the lowest results
with AUC = 0.73. However, the manual classifier is reproducible and interpretable in the sense that
re-running the classifier will always give the same result. This is not the case for the ML classifiers,

where re-training them on the same dataset can give different results.

The advantage of all of these classifiers is that they can be applied in an automated way, requiring
less visual inspection than with previous methods. With the launch of Euclid scheduled for the end of
2023, we are looking forward to its first data release in order to test our methods of detecting high-z
quasars. Having a magnitude limit of 24.0 in ¥, J, H, Euclid will allow us to look deeper into the past,
enabling us to detect quasars at z > 8. Including optical data from LSST, which is scheduled to launch
in 2024, will make the process of finding quasars at 7 < z < 7.5 more efficient, as it will grant us to
sift out more false positives. All in all, we are very excited about the next era of space telescopes and

high-redshift quasar discoveries.

10.1 Future Prospects

For the next generation of photometric surveys, one can use our pipeline to detect high-redshift
quasars at z > 5.2. The advantage of this work is that we take photometry, morphology and sta-
tionarity into account when deciding whether a source is a likely high-redshift candidate or not. This
is the first time that this combination of properties has been tested on the pixel level. In addition,
the pipeline codebase can easily be extended to other surveys as it has been written in a modular
fashion. One only needs to write the code for the database access and database queries, and some
service-layer functions to address any particularities specific to that survey. For example, one needs
to add the conversion between flux and magnitude if that is different from the existing conversions in
the code.



10.1. Future Prospects 229

A disadvantage is that the thresholds for the chi-squared values will need to be re-calibrated for future
surveys. This is because their photometry will be much more accurate, and hence the errors will
be lower. This means that the chi-squared values will increase for all model populations. To take
this into account, one would have to collect a small sample set of quasar candidates to re-adjust the
thresholds. Other options include trying to offset the new chi-squared values instead of collecting a
whole new quasar sample. However, this would need to be tested to see if it gives good results, which
again would require collecting small sample populations. The same goes for the machine learning
classifiers. One could try to use the random forest with the more survey independent features without
retraining it on the new dataset, though again it would be better to retrain the classifier on a new

sample set.

In terms of computational requirements, one can run the pipeline in parallel using one process per
candidate. The bottleneck in the computation time is the database access. That is, the majority of time
is taken accessing the database for downloading images and requesting queries. However, the number
of parallel processes we can use is limited by the number of simultaneous queries a database server
can handle before timing out. For example, the UKIDSS database can handle far fewer simultaneous
database queries compared to the SDSS server. We therefore have to scale back the number of parallel
processes we use. However, our pipeline also stores the images and query results locally, meaning it

is not necessary to access the database again if not needed.

All in all, applying our pipeline to upcoming surveys will require a sample set of similar size to the
one used here. In addition, some code will also be needed to handle the database access, PSF form

and magnitude-flux conversions.
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Appendix A

Visual classification labels

’ SDSS \ UKIDSS \ Summary Explanation
A a acceptable candidate is acceptable
B b bright-star candidate is affected by a nearby bright star
C c cross-talk candidate is (UKDISS) cross-talk
D d
E e extended | candidate is extended (hence possible mis-match)
F f flaw candidate is coincident with a detector flaw
G g galaxy candidate is (or is in/near) a galaxy
H h halo candidate is in the halo of a bright star
I 1 image candidate is visible (expected or not)
J ] repeat J candidate has repeat J measurements
K k
L 1 low-noise candidate has unrealistically low noise
M m moving candidate is moving (e.g., an asteroid)
N n noise candidate is noise
0] 0 outside candidate is outside the survey’s area
P p pair candidate is one of a close pair
Q q quasar candidate is a confirmed quasar
R r rejected candidate is rejected
S S spike candidate is close to a diffraction spike
T t trail candidate is close to a satellite or meteor trail
U u unexamined candidate is yet to be examined
\Y v variable candidate is time-variable (e.g., a supernova)
W w wrong candidate photometry is wrong (too faint)
X X
Y y
Z z persistence candidate is persistence image

Table A.1: Visual classification labels

The candidates have been classified into different categories by (Mortlock et al., 2012). These cate-

gories are summarised in Table A.1. We show postage stamp plots for each category that is present

249



250 Appendix A. Visual classification labels

in our dataset. The most important classification is R for rejection and A for acceptance. Lower-
case characters represent the classification for the UKIDSS images, and upper-case letters represent
the classification of the images in SDSS. A candidate is accepted if it is accepted in both SDSS and
UKIDSS, and therefore contains both ‘A’ and ‘a’ in its label. Otherwise, the candidate is rejected.

Candidates were first visually inspected in the SDSS dataset. If the candidate was already rejected in

the SDSS dataset (R), then the corresponding images in the UKIDSS dataset were often not examined
().

A /a The candidate is accepted. An example of a candidate that has been accepted in both SDSS
and UKIDSS is shown in Figure A.1.

B /b The candidate is affected by a nearby bright star. An example of such a classification can
be seen in Figure A.2. Here, the candidate has classifications /B u. This means that the candidate
is visible in the cross hairs and is affected by a bright star. Moreover, the location has not been
examined in UKIDSS yet. The nearby star overlaps with the central source of interest and therefore
the photometry cannot be properly calculated. This gives rise to large reduced chi-squared values of
¥* =174.58 and i3, = 588.55.

C/c The candidate is cross-talk. An example is shown in Figure A.3, where the cross-talk is clearly
visible in band Y, which also has 2, = 5.37. Another example is shown in Figure A.4, where cross-
talk is clearly visible in the UKIDSS bands.

E /e The candidate is extended. An example of such visual classification can be seen in Figure A.5.
Since the candidate had been rejected in SDSS, the UKIDSS images were not observed. However,

this could be with Py = 0.999 a good quasar candidate.

F / f The candidate is coincident with a detector flaw. This can be seen in Figure A.6, where a
line is visible in UKIDSS. This is especially important as the flaw seems to occur within the cross
hairs where the source is located. The classification of J084758.34+020504.1 is given by Afr, which
means that the source had been visually accepted in SDSS, but was rejected due to the detector flaw
in UKIDSS.

G /g The candidate is in/near a galaxy. A galaxy is clearly visible in Figure A.7.
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H/h The candidate is in the halo of a bright star. An example can be seen in Figure A.8. Candidate
J081959.57+064822.4 is clearly in the halo of a near bright star. Our data processing pipeline seems
to be able to deal better with the influence of the bright nearby star and therefore seems to obtain more
accurate photometry than the database does (e.g. see band z). Another example is shown in Figure

A.9, which is also in the halo of a bright star and one of a close pair.

I/i The candidate is visible, as is exemplified in Figure A.1.

J /) The candidate has more than one measurement in J. This is shown in Figure A.10, which
shows candidate JO83700.81+241219.2 with classification A jr.

L /1 The candidate has unrealistically low noise. An example of this classification can be seen in
Figure A.11.

M /m The candidate is moving, e.g. it is an asteroid or a star. This is illustrated in Figure A.12,
where candidate J112442.42+003517.8 is moving in UKIDSS.

N/n The candidate is noise. This is exemplified in Figure A.13.

O /o The candidate is outside the survey’s area. This can again be seen in Figure A.13.

P/p The candidate is one of a close pair. An example candidate with this classification can be seen
in Figure A.14, where a nearby star is visible in UKIDSS.

R /r The candidate is rejected. Some examples are shown in Figures A.8, A.9 and A.14.

S/s The candidate is close to a diffraction spike. Candidate J132600.21+082335.1 has such a visual
classification label and can be seen in Figure A.15.

T /t The candidate is close to a satellite or meteor trail. Candidate J154642.41-014756.6 in Figure
A.16 is an example of that.

V /v The candidate is time-variable, e.g. a supernova. This is illustrated in Figure A.17.
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W /w The photometry of the candidate is wrong. This can occur if e.g. the object is too faint or
if nearby sources falsify the photometry. This is illustrated in Figure A.18 which shows candidate
J141902.93+001740.5 with classification /IWR ai.

Z [z Candidate is persistence image. This is illustrated in Figure A.19.
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JO81827.26+053328.4 (a =124.6136 deg, 6 = 5.5579 deg)

Classification: Aia, Redshift: 7.32, Pquasar: 0.000
X% 1.33, Xfin: 062, ¥fax: 2.34

f . Mgy, =19.93+0.10 Mg, =19.43 £0.08 Mg, =19.34 £0.08 Mg, =19.13 £0.06
Magnitude (AB]: Fap=38.64 +£3.48 Fap =61.61 = 4.60 Fap =67.25£4.99 Fab=80.74 £ 476
Meaic =25.62£0.78  Meaic=26.04£0.45  Meac=24.19£0.77  Meaic =22.68 £0.41  Mcaic=21.00£0.37  Mcaic=20.00£0.09  Mcqac =19.65+0.09 Meaic=19.09£0.07  Meac=19.37 £0.06

Flux [y): Feate= —1.10£1.07  Fege= —0.63+0.38  Feoe=0.51%072 Falc=2.92+120  Feac=1421%514  Fc=36.38+292  Feuc=50.29+4.12  Feac=83.97 £5.58  Feaic = 65.14 3,90

Pred. flux [uJy]: Fprea =0.00 Forea =0.00 Forea =0.00 Forea =0.00 Forea =1.35 Fored = 38.96 Fored =57.46 Fored =69.48 Fored =82.04

X% X, =1.21(121)  X*(xF,,) =0.85(0.85) X*(xf,,)=0.62(0.62) x*(xf,,)=1.12(1.12) x*(x%,,)=1.02(1.03) X*(xf,)=129(1.27) x*(xf,)=1.35(1.09) x*(X%,,)=2.34(1.89) X*(x%,,)=2.18(1.33)

max{x3} max{x3} =4.35 max{x3,} =6.98 max{x3} =2.44 max{x3} =8.41 max{x3} = 3.06 max{x3} =5.94 max{x3,} =10.68 max{x3} =7.64 max{x3,} =10.37
chmuu.wuﬁ.umw chmuo.umﬁo.umw chmuo.moﬁo.mow chmuob“:o.mé chmuo.wﬂo.md chmuu.wuﬁ.wmw chmuu.wwﬁ.oww chmHH.Wwﬁ—.www chmuu.mmﬁo.mmw

Figure A.1: Candidate JO81827.26+053328.4 with classification A ia. The candidate is: (A) accepted in SDSS, (i) visible, (a) accepted in UKIDSS.
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Magnitude [AB]:
Flux [uJdy]:

Pred. flux [uJy]:
X
max{xZ}

Figure A.2: Candidate J000226.75—-005604.5 with classification IB u. The candidate is: (I) visible, (B) affected by a nearby bright star, (u)

unobserved in UKIDSS.

JO00226.75-005604.5 (@ =0.6115 deg, 6 = — 0.9346 deQ)

Classification: IBu, Redshift: 5.50, Pquasar: 0.000
X2 17458, @2 140, x2 .4 588.55

r

Mg, =19.25 +0.06
Fap=71.39+4.27

Mg, =21.36 £0.20
Fap=10.38 £1.93

Mgy, =21.91+0.46
Fap=5.97 £2.56
Mecaic =20.2520.72  Meac =19.52 £ 1.42

Mg, =20.39 £0.06
Fap=25.44+1.51

Mg, =19.66 = 0.06
Fap =49.86 £2.59

Mecaic =19.08 £1.58  Meac=19.07£2.12  Mcac=18.69£1.40 Meac=19.37£2.00 Mcac=19.14+1.40 Meac=18.14£1.15  Mcac =19.50 £ 1.65
Feac=27.74%18.33 Feac=56.30£73.51 Feaic=84.95£123.46 Feac=85.39£166.98 Feaic =123.25+158.64 Fcac =64.85£119.62 Feoc =80.13 £103.07 Fealc =200.91 + 212.68 Feac = 57.65 £ 87.80

Mg, =22.85x1.86
Fap=—0.02£9.20

Mg, =19.35£0.05
Fap =65.25 £ 3.37

Forea =0.00 Forea =0.00 Forea =5.10 Fored =28.82 Forea =58.53 Forea =78.89 Fored = 59.85 Forea =58.23 Forea =57.11
X2k, ) = 25.08(25.08X2 ()%, ) = 581.42(581.421x, ) = 588.55(574.001x%, ) = 302.12(254.301x,, ) = 27-35(19.97)% (%,,,) = 7-31(19.53) X2, ) = 1.40(3.75)  X°(By,,) = 35.63(30.17)° (1%, ) = 2.33(3.79)
max{x3,} =311.68  max{x3,} =10507.68 max{x3} =9450.46 max{x3}=5111.93 max{x;}=486.12 max{x;}=85.99 max{x3} =22.82 max{x} =613.79 max{x3} =17.47
X2os =23.84(39.90) X2, =544.51(2017.30)x2,, = 566.68(3025.33)x2,, = 313.83(1396.10) x2,, = 29.29(14531) X3, =4.78(47.95)  x2, =1.61(11.84) X%, =38.24(176.29) X2, =2.35(11.97)
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JO13035.08-002823.8 (a = 22.6462 deg, 6= — 0.4733 deg)

Classification: Aicr, Redshift: 7.10, Pquasar: 0.021
X2 1.38, ¥2in: 0.75 , ¥2..x: 5.37

Mg, =20.06 +0.11 Mg, =20.33+0.19

Magnitude [AB]: Fa=3326+335  Fy=26.10+4.52

Flux [ulyl: Meaic=24.37£0.96  Mcyic=247620.63  Meaic=24.35£0.93  Meyic=24.43 113 Meac=22.50£0.93  Meaic =20.38£021  Meyic=20.48£020  Mearc = 22.00 £ 0.85
Feale =0.21+£0.92 Fealc=0.22+0.40 Fealc=0.37 £0.81 Feale= —0.08£1.36 Fcac=175+4.83 Feale =25.52+4.96 Fealc=23.36 £4.41 Fealc=5.73+£4.48

Pred. flux [uly): Fprea =0.00 Fprea =0.00 Forea =0.00 Fored =0.00 Forea = 0.85 Forea = 8.53 Fprea =7.55 Forea =6.79

x*= XZ(X%IW;) =1.13(1.13) Xz(Xiznzm) =0.86(0.86) )(Z(X%‘Ws) =1.28(1.28) XZ(Xme,,.,,) =0.79(0.79) Xz(Xiznzm) =1.11(1.11) quleﬁp.,;) =5.37(5.10) XZ(XonM)= 1.75(1.73) Xz(Xizntwﬁ) =1.33(1.12)

max{x3} max{x3,} =537 max{x3} =335 max{xp,} = 6.06 max{x3} =531 max{x3} =6.97 max{xp,} = 14.83 max{x3,} =10.57 max{x3,} =8.01
X2os = 1.13(1.06) X205 = 0.85(0.84) X2s =1.27(1.25) X2os =0.79(0.78) X2s = 1.11(1.08) X205 =4.37(3.42) X2os = 1.54(1.47) X205 =1.32(1.03)

Meaic =23.39+£0.64  Mcaic=25.46+0.56  Mcaic =24.64 £7.41
Fealc= —6.20+3.68 Feac= —8.34+4.28 Feac= -0.56+3.83

Forea =8.53 Forea =7.55 Forea =679
Xy, ) =1.63(1.09) x*(x7,.)=1.11(0.98) X*(x,,)=0.83(0.62)
max{x3} =9.78 max{x} = 6.37 max{x2} =568
Xpos =1.01(0.81) XZos =0.94(0.99) XZos =0.68(0.62)

Meaie = 22.55 £1.19
Fealc =3.46 £3.79
Forea =679

XZ(X%%) =0.75(0.73)
max{x}} =3.07
X2s = 0.72(0.71)

Meaic = 24.49 + 0.96
Feale= —5.25+4.62
Forea =7.55
X0, =1.33(1.02)
max{xg,} =5.03
X20s =1.01(0.94)

Figure A.3: Candidate J013035.08—-002823.8 with classification A icr. The candidate is: (A) accepted

in SDSS, (i) visible, (c) cross-talk, (r) rejected in UKIDSS.
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JO35115.82-002105.4 (a = 57.8159 deg, 6= — 0.3515 deg)

Classification: Acr, Redshift: 7.20, Pgyasar: 0.000
X% 166, X2 049, X2« 3.15

' Mg =19.67£0.06  map=19.64+0.08

Magnitude [AB: Fap=4831£2.93  Fap=4927%3.60

Flux [yl Mee=25.16 2071  Meaic=24.83%0.49  Myc=24.91£043 mMec=23.942060 Mee=2226%040 Meyic=20.60%026 Menic=19.44%0.10 Mec=24.50£223  megc=23.44 £ 4,42
Fe. —-0.55%0.75 Feac=0.17£0.31 Feae= —0.09%+0.34 Feac=0.52+0.78 .04 +£2.28 Feaic 0.97 £5.04 Feale =60.77 £5.44 Feale= —2.06 423  Fearc 53£6.24

Pred. flux [ulyl: Ferea =0.00 Forea =0.00 Forea = 0.00 Forea =0.00 247 Forea =36.31 Forea = 33.13 Forea = 3075 Forea = 33.13
2 X’(sz,tw)=0.67(0ﬁ7] XZ(X%(WS)=1-20(1-20) xz()(fz‘tw)=0.80(0ABO) Xz(xrzntm)=1-27(1'27) XZ()(%‘%)=D.79(0.74) )(Z()('lem)=2,12(1.lﬂ) )(2()(%‘”)=3.15(3.11) XZ(X,Z,IM)=3.01(1.43) )(2(1%‘%)=1.59(1.44)
max{x3} max{x3} = 4.67 max{xz} =4.70 max{x3} =5.78 max{x3} =6.52 max{x} = 4.93 max{x3}=7.13 max{x3} =37.49 max{x3} =535 max{xz} =4.36

xé,,s = )(g‘,5 =1.60(0.99) X;st =2.61(2.54) )(gns =1.06(0.84) Xsos =0.73(0.72)

64(0.52) =1.19(1.13) X2, 0.80(0.71) )(gos =1.25(1.05)

Magnitude [AB]:

Flux [udy]: Meaic =2470£1.32  Mcaic =23.87 £0.44  Mcac=2525£071  Meac=23.27+£0.58  Mcac =23.74 £0.57
Feale=—0.10+124  Fcac=0.92£0.46 Feae=—0.37+0.62 Fcarc=1.54+1.08 Feale= —4.91+3.83
Pred. flux [uly]: Fprea =0.00 Fprea =0.00 Forea = 0.00 Fprea =0.00 Fprea =2.47
x= 12()(72;(,,(): 1.01(1.01) )(Z(Xﬁ’[m):O.SG(O.BG) X’(}(ﬁtw)=1.3l(l.31) )(2()(%[’“):1.57(1.57) XZ()(%(M)=1.16(1.10)
max{xp, max{x3,} = 3.68 max{x} =3.11 max{x3} =6.93 max{x3} =772 max{x3,} =11.04
51(1.43)

X3os =1.01(1.08) X3os=072(0.71) X2os = 1.05(1.03)

Magnitude [AB]:

Flux [uly]: Mec=24.58 094  Mepic=24.88£0.54  Meoe=2376%0.49  Meac=24.03£0.72  Meaic = 23.46 £0.70
Feaic=0.01£088  Feie=0142033  Fee=0.97£059  Feoe=041%091  Feqe= —3.2124.05

Pred. flux [uJy]: Forea = 0.00 Forea =0.00 Forea =0.00 Forea =0.00 Forea = 2.47

Xz X203,,) = 1.44(1.44) X*(x3,)=0.87(0.87) x*(G,)=121(121) X(G;,,)=0.49(049) X°(x3, )=1.11(1.02)

max{x3,} max{x3} =464  max(x3}=484  max{xi}=443  max{x3}=222 max{x2,} =10.78

.44(1.41) X2, = 0.88(0.86) X2, = 1.11(1.05) XGos = 0.48(0.43) 02(097)

Magnitude [AB]:

Flux [uly]: Meate =24.17 £1.04  Meaic=2474%£0.64  Meac=25.012076  Meaic =23.83£0.93  Meaic = 24.26 £ 0.44
Fe Fealc =0.23+0.41 Feae=—0.17£0.62  Fcac =0.66 £1.25 Feae=—9.19+£4.29

Pred. flux [udy]: Fprea =0.00 Fprea = 0.00 Fprea =0.00

X X0, )= 113(113) 20, ) = 1.27(127) x2((F,,)=0.87(0.87) X*((,)=0.75(075) x*(xf,,)=1.14(1.04)

max{x3,} max{x3,} =426 max{x3,} =5.39 max{x3} =3.19 max{x3,} =4.87 max{x3} =4.05
.13(1.09) 2. =073(0.74) X2os = 0.83(0.66)

Xo

X3os =1.26(1.25) X2, = 0.87(0.85)

Magnitude [AB]:

=24.58£0.85 Meaic = 24.46 £0.57  Mcac =23.97 2072 Mcaic =22.16 £ 0.63
e = 0.02 % 0.80 Feuc=028%0.48  Feyc=0.48+093  Feye=3.64+374

Pred. flux [uly]: Fprea =0.00 Forea =0.00 Fprea =0.00 Forea =0.00 Fprea =2.47

X X0G,,)=082082) X2(G,.)=099(099) X20,)=073(073) X0k, )=133(1.33) X0t3,.)=0.84(0.80)

max{x3} max{x%,} =561 max{x3} =576 max{x%,} = 5.36 max{x2,} = 7.89 max{x,} =417

=0.82(0.79) X2, =0.99(1.01) X2, =0.72(0.67) X =1.32(1.28) X2, =0.83(0.74)

Flux [uy]: ?'

Magnitude [AB]:

Meaic =23.99+£0.44  Mcaic=24.34£0.56  Mcaic =22.50 £ 0.53

Flux [uJyl:
e Feac=0.71£0.45 Fcaic=0.03 £0.68

Pred. flux [udy]: A Fprea = 0.00 Fprea =0.00
X XX, ) =1.25(125) X*(xR,,)=076(0.76) X*(xf,,)=0.96(0.96) X’(x%,,)=0.68(0.68) x*(x,,)=0.95(0.93)
max{x3} max{x}} = 6.84 max{x3,} =3.19 max{x} =5.99 max{x3} =243 max{x3} =3.31

)(é‘,S =1.21(1.19) )(suS =0.75(0.66) )(éﬂs =0.87(0.83) X205 =0.68(0.68) Xéﬂs =0.94(0.93)

Magnitude [AB]:

Flux [yl Megic =24.01£0.83  Mec=26.05+£0.47  Mcoic =24.47 £0.69  Megic=23.84£0.72  Meyic = 22.99 % 0.57
calc = 0.57 £0.89 Fealc= —0.63+0.39  Fcac=0.27£0.58 Feaic =0.65 £ 0.97 Feae= —0.72+2.86
Pred. flux [uly]: Fprea =0.00 Forea =0.00 Forea = 0.00 Forea =0.00 Forea =2.47
X X2(XR,,)=079(0.79) X2(xh,,)=1.34(1.38) x(x%,)=073(073) x2(x3 )=1.37(137) X*(x%,)=1.35(1.33)
max{xp} max{xg} =3.53 max{x}} =8.97 max{xg} =6.72 max{xg,} =9.39 max{x3} =5.64
Xgos =0.78(0.80) Xpos =1.27(1.27) Xgos =0.72(0.75) Xpos =1.35(1.16) Xgos =1.30(1.30)

Figure A.4: Candidate J035115.82—-002105.4 with classification A cr. The candidate is: (A) accepted
in SDSS, (c) cross-talk, (r) rejected in UKIDSS.
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JO84119.73+272754.6 (a =130.3322 deg, 6 =27.4652 deg)

Classification: ER, Redshift: 5.58, Pqyasar: 0.999
X2 1071, %20 059, 2.4 240

Magnitude [AB]:

Flux [uJy]: Meaic =24.90+£0.83  Mcaic = 24.36 £ 0.49
Feac= —0.29£0.81  Faic=0.49£0.37

Pred. flux [uly]: Ferea =0.00 Forea = 0.00

X% X200, =0.93(0.93) x2(x}, ) =1.17(1.17)

max{Xi max{xz} =510  max{x3}="544
Xpos =0.93(0.87) XZos =1.11(1.10)

Mearc = 23.96 £ 0.43
Fealc =075 +0.46
Fprea = 0.52

X*(,,,) = 0.59(0.55)
max{xg,} = 3.40
XBos =0.59(0.51)

Meaic = 22.46 £ 0.23
Feaic=3.67 084
Forea =4.14

X2(xR,,.) = 0.84(0.83)
max{xg} =292
X2os = 0.83(0.83)

Meaie = 21.25 +0.30
Fearc=11.09 +3.38
Forea =12.47
X*(h,,)=0.77(0.76)
max{x3,} =4.00
XBos =0.76(0.75)

mgp =19.80 +0.08
Fap =44.03 £3.25
Meaic =19.93 £0.12
Feaic=38.70 £ 4.34
Fored =31.31
X2(,,) =1.76(1.71)
max{xZ}=11.12
X2os = 1.61(1.55)

Map =20.56 +0.12
Fap =21.81+2.50
Mcaic =20.38 £0.10
Fealc =25.52 £2.40
Fored = 29.45
X*(X,,) = 2.40(2.40)
max{xg} =15.55
X2 =2.37(2.37)

Meaie=20.27 £0.13
Feale = 28.25 = 3.50
Forea = 29.45

X Oy,,,) = 1.41(1.17)
max{x2} =15.12
Xios = 1.41(1.17)

Meaic =20.15+0.15
Fealc=31.59 £4.22
Fored = 29.45
XZ(X§(M)= 1.57(1.57)
max{x,} =10.46
X2os = 1.57(1.56)

Map =19.94 £0.19
Fa»=38.18 £6.75 Fap =29.
Meaic =20.20£0.18  Mcaic =20.25£0.17
Feaic=30.32+£4.98 Fealc =28.80 £4.55

Fored = 36.51 Forea = 29.45
X*(,,) =1.26(0.90) X*(xf,)=0.85(0.79)
max{xZ} =621 max{x} =4.79
XZos = 1.21(0.90) X2os = 0.85(0.79)

Figure A.5: Candidate JO84119.73+272754.6 with classification ER. The candidate is: (E) extended,

(R) rejected in SDSS.



JO84758.34+020504.1 (¢ =131.9931 deg, 6 =2.0845 deg)

Classification: Afr, Redshift: 7.10, Pgyasar: 0.000
X2 1.03, X2 073, X2 1.74

Mg, =20.45£0.20 Mg, =20.18 £0.14
Fap=23.64+4.40 Fap=30.26 £ 3.99

Appendix A. Visual classification labels

Magnitude [AB]:

Flux [uly]: Meac=282141.14  Mcyc=2520%0.66 Meaic=24.64£0.86 Meac=25.3520.81  Meyc=22.90£0.90  Mcaic =20.66 027  Meyic=20.69 021  Meac=24.58 £49.18  Mcyic = 24.45 = 1.50
Feac=0.36 +1.14 Fealc= —0.05+0.40 Feac=0.13+0.70 Fealc= —1.36+1.41 Feac= —0.25+4.44 Fc,c=19.77 +4.94 Fealc =19.22 £3.76 Fealc= —0.14+6.39 Feac= —2.73%£3.76

Pred. flux [uJy]: Fprea =0.00 Forea =0.00 Forea =0.00 Forea =0.00 Forea =1.56 Forea =15.71 Forea =13.90 Forea =12.50 Forea =13.90

X XU, ) =084(0.84) X203, ) =1.23(123) X*(xk,,)=075(075) x*(3,)=1.00(1.00) X*(xf,,)=1.52(148) x*(3,)=073(0.73) X2(x%,)=0.87(0.78) X*(3,)=0.88(0.64) X*(xf,)=174(1.02)

max{x3} max{x3} =3.05 max{x3} =771 max{x3} =6.49 max{x3} =4.72 max{x3} = 4.97 max{x3} =2.71 max{x3} =7.92 max{x3} = 3.86 max{x3} =4.31
X2os =0.84(0.72) X2 =1.23(1.20) X205 =0.76(0.78) X205 =0.96(0.93) X2os = 1.51(1.40) X255 =0.70(0.70) X2o: = 0.85(0.72) X2os =0.73(0.70) X205 =0.98(0.90)

Magnitude [AB]:

Flux [udyl: Meaic =23.92+1.17  Mcaic =25.65+0.79  Mcaic =24.46 £0.70  Mcaic =24.99+0.87  Mcaic =23.03+0.66
Fealc=0.67 £1.31 Fealc= —0.34+0.53  Feac=0.28+0.59 Fealc= —0.80+123 Feac= —0.93+3.32

Pred. flux [uly]: Forea =0.00 Forea = 0.00 Forea = 0.00 Forea = 0.00 Forea =156

X% X* (X)) =0.97(0.97) X*(Xf,,,) =0.89(0.89) X*(X,,)=074(0.74) x*(xf,,)=0.92(0.92) x(xf,,)=1.21(1.18)

max{x3} max{x3} =5.85 max{x3} = 2.60 max{x3} =2.50 max{x3} =4.04 max{x3} =5.13
X2os =0.98(1.01) X205 =0.88(0.82) X205 =0.74(0.78) X205 =0.91(0.89) X2os =1.20(1.20)

Figure A.6: Candidate J084758.34+020504.1 with classification A fr. The candidate is: (A) accepted in UKIDSS, (f) coincident with a detector
flaw, (r) rejected in UKIDSS.
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J002754.23-010736.9 (a =6.9760 deg, 6 = — 1.1269 deg)

Classification: GRiprgr, Redshift: 5.50, Pquasar: 1.000
X2 387, 32, 043, 2.4 15.03

Magnitude [ABI: Mgy =24.24 +0.96 Map =22.74£0.17 map =21.43+0.07 mgp =20.90 +£0.06 Mmap =20.22 +0.12 mgp =19.77 £0.09 Ma, =19.93+0.16
9 © Fap=0.34+0.95 Fap =2.88£0.47 Fab=9.70£0.63 Fa,=15.86 £0.88 Fap =30.04 +3.44 Fab =44.39 +3.90 Faqp=38.58+5.76

Flux [uy): Meale =25.89+0.77  Meaic = 21.85+0.40 Meale =20.43£0.19  Mcaic=20.12+0.20  mcyic = 20.68 +0.35
Feaic= =1.52£1.30 Feac=6.61+2.44 Fealc=24.53+4.42  Fc=3242£593  Feyc=19.3326.19
Pred. flux [uy]: Forea =0.00 Forea =0.00 Forea = 42.67 Forea = 51.03 Fored = 41.56
X2 X20R,,) = 0.43(0.43) x20(3,,)=6.42(6.42) X*(xf,,) = 11.24(15.53%%((3,,,,) = 3.40(1.40) x*(x},,)=0.87(0.55) x2(x,,)=1.06(1.04) x2(x%_)=0.79(0.81) x*(x,,)=0.86(0.85)
max{x3} max{x}} =2.08 max{x3} = 25.95 max{x3,} =41.57 max{x}} =15.47 max{x3} = 2.95 max{x3,} =3.09 max{xp,} = 4.02 max{x3} =4.29

XZos = 0.39(0.35) Xees = 3.71(3.70) Xeos=7.02(13.99)  x2,,=3.40(1.18) Xos = 0.43(0.25) Xos =0.62(0.61) X2os =0.70(0.71) XZos = 0.84(0.84)

Mg, =22.25+0.11 Mg, =21.36 £0.12 Mgy =20.69 +0.07 Mg, =20.17 £0.17
1.02+0.92 Fap=4.54+0.48 Fap=10.41+1.17 Fap=19.21+1.27 Fap=31.47 £4.90

Magnitude [AB]: [ 23.6420.70
‘db =

Flux [uyl: Meaic =23.99£1.16  Mcaic =21.69 £ 0.35 Meale =20.58 £0.29  Mcac =20.38 £0.24
Fealc=0.59%2126  Feac=7.64%250  Feac=1529%326  Fec=21.26+570  Feac=25.825.89
Pred. flux [uJy): Ferea=0.00 Fprea = 0.00 Forea =3.93 Fprea =17.51 Foreq = 42.67
2 X2(XR,,,)=0.60(0.60) x2(x7,,)=8.48(8.48) x(xf,,)="590(8.03) x2(xh,,)=146(3.30) x2(x%,)=0.89(0.69)
max{x3} max{x}} =224 max{x3} = 24.65 max{x3} =11.44 max{x}} =7.09 max{x3} =2.57
XZos = 0.59(0.51) XRos =4.31(2.97) X2 = 2.20(5.22) Xios=1.43(373) XRos =0.65(0.54)

Mgy =23.95+0.86 Mg, =22.18+0.11 Mg, =21.35+0.07 Mg, =20.71+0.05 Mg, =20.03+0.12

Magnitude [AB]:

Fap=0.64£0.95 Fap =4.88+0.51 Fap=10.42£0.64 Fap=18.81+0.91 Fap =35.68 + 3.86
Flux (uly): Meoic=25404£122  Meoic=2130%031  Mec=21.00£026 Mt =20.412022  Megic = 20.36 +0.23
Feaic= —0.82£1.47 Feac=10.91£3.08  Feac=14.42+£3.47  Feac=24.82+4.94  Feac=26.33+576
Pred. flux [uly): Fprea =0.00 Forea = 0.00 Forea =3.93 Forea =17.51 Fored = 42.67
X* X*(X,,,) =0.89(0.89)  x*(XZ,,) = 14.38(14.38K° (XF,,) = 13.56(17.81*(X7,,,) = 6.88(4.82)  x*(Xf,,) =1.12(0.60)
max{x3} max{x3} =620 max{xz,} = 38.83 max{xa,} =43.32 max{x3} =25.50 max{xs,} =4.42

XZos = 0.89(0.95) XZos = 7.04(7.09) X3os =6.50(12.49)  x2,,=5.87(3.01) X3os =0.81(0.49)

Mg, =22.52+0.12 Mg, =21.50 +0.07 Mgp =20.66 + 0.05 Mg, =20.44 +0.12

Magnitude [AB): M = 23.82=0.63

Fap=079£0.75 Fap=3.53£0.39 Fap=9.10£0.61 Far=19.83£0.88 Fop=24.41+2.81
Flux (uly): Meaic=24.96£124  Meyic=2229%0.60 Meac=21.12£029  Meaic=20.412023  Meare =20.63+0.24
Feae==0.35+£123 Feac=4.37£2.46 Fealc=12.90+3.43 Fealc=24.99 £5.33 Feac=20.33£471
Pred. flux [uly]: Fprea =0.00 Fprea = 0.00 Forea =3.93 Fpreq = 17.51 Forea =42.67
X X*06,,)=0.66(0.66) X°(x3,,)=1021(1021x°(x%, ) = 11.72(15.810°(x3, ) = 6.85(4.74) X°(x3, ) =1.48(0.92)
max{x3} max{x3} =3.01 max{xg,} =44.72 max{xa,} = 45.52 max{x3}=33.21 max{xp,} =274

Xos =0.66(0.87) X2 =7.46(6.71) Xios=626(12.14)  x2,,=5.78(2.77) X2os =0.60(0.31)

Magnitude [AB]: Mgy =24.60 +0.69 Mmgp =23.97 £0.35 Mg, =21.68 +0.07 mgp =20.75 +0.05 Mmgp =20.95+0.18

Fap=—0.00£0.65 Fyq,=0.82+0.34 Fan=7.74£0.53 Fap=18.22+0.78 Fap=14.89 +2.69
Flux (uly): Meaic=25.90£071  Meaic=2229%0.43  Mearc=21.37 £0.29 20.65£023  Meaic=20.68 %023
Feale=—1.54+£120 Feac=4.39x175 Fealc=10.29 £2.73 Fealc =19.36 £4.25
Pred. flux [uy]: Ferea =0.00 Forea = 0.00 Forea =3.93 Forea =17.51 Forea = 42.67
X X2, )= 0.67(0.67) x?(x%,.)=9.23(9.23) X2(x%,.)=15.03(14.26)2(x%, ) =7-28(3.62) x*(x3,,)=2.29(1.79)
max{x3} max{x3} =312 max{xg,} =39.67 max{xa,} =38.57 max{x3} =47.06 max{xp,} =479
X205 =0.62(0.75) X2os =5.65(4.90) X3os =9.74(7.92) Xios =7.18(2.84) X245 = 0.80(0.57)

Figure A.7: Candidate J002754.23-010736.9 with classification GR iprgr. The candidate is: (G)
in/near a galaxy, (R) rejected in SDSS, (i) visible, (p) one of a close pair, (r) rejected in UKIDSS.



JO81959.57+064822.4 (o =124.9982 deg, 6 = 6.8062 deQ)

Classification: IHRPRRai, Redshift: 6.35, Pquasar: 1.000

%% 1.67 , %2, 0.63, k2., 6.23

Magnitude [AB]:

Appendix A. Visual classification labels

Magnitude [AB]:
Flux [uJdy]:

Pred. flux [uJy]:
X
max{xZ}

260

X205 =0.57(0.62)

¥ Kk |
mg, =24.36 £0.71
Fapb=0.22 +0.68
Meaic = 26.08 + 0.52
Fealc= —1.86+1.03
Forea = 0.00

X*(Xf,,,) = 0.92(0.92)
max{x3} =5.29
X245 = 0.86(0.89)

e

Mg, =25.49 £5.00

X205 =0.45(0.83)

L e
mgp =25.11+0.52
Fgp=0.00+0.31
Meaic =22.08 £0.13
Fealc=5.35+0.62
Forea = 0.00
X*(Xf,,,) = 1.68(1.68)
max{x3} =124
X2os =0.22(0.17)

Mg, =19.38 £0.10

X2os =0.29(0.23)

Mg, =25.06 £6.03

X2os =0.37(0.29)

o L3 4

mgp =24.80 £ 0.47
Fap=0.00+0.38
Meaic =21.01 +0.09
Feac=14.36 £1.14
Forea = 0.00

X*(Xf,,,) = 3.28(3.28)
max{x3,} =0.90
X2 =0.17(0.12)

mgp = 24.36 £ 0.50
Fap=0.00 £ 0.60
Meaic = 20.31 +0.06
Fealc=27.29 £ 1.47
Forea = 0.86

X*(Xf,,,) = 6.23(6.22)
max{x3} =5.32
X205 =0.44(0.20)

S [

Mg, =18.07 £0.17

X205 =0.70(0.67)

mgy, =20.54 £0.14
Fap =22.25+3.04
Meaic=20.35+0.11
Fealc=26.60 +2.83
Forea =21.63
X*(Xf,,,) = 0.65(0.60)
max{x3} =1.70
X245 =0.57(0.50)

2
Xpos

=0.63(0.60)

Mg, =19.91£0.05

X2os =0.83(0.81)

Mg, =19.70 £0.08

X2os =0.77(0.63)

Fgp= —6.35+5.70 Fgp= —023+3.19 Fgp =64.24 £6.06 Fgp = —0.90 +8.80 Fap=218.32+34.32 F4, =40.86+1.90 Fapb =39.80 +£2.04 Fqp =48.45 +3.48
Flux [uy]: Meaic=23.31+£0.72  Meac=21.40+0.18  Mcac=20.78 £0.11  Mcaic=20.21+0.09  Mcaic=20.49 021  Meac=20.07 £0.04  Mcaic=19.92£0.06  Mcaic =19.80£0.07  Mcaic =20.65 +0.20
Feale=1.51+1.21 Fealc=9.99 = 1.65 Fealc=17.68 £1.71 Fealc=29.83 £2.39 Fealc=23.28 +4.66 Fealc=34.03+1.27 Fealc =38.96 +2.08 Fealc =43.66 +2.67 Fealc=19.92 +3.63
Pred. flux [uly]: Forea =0.00 Forea = 0.00 Forea = 0.00 Forea = 0.86 Forea = 21.63 Forea = 40.22 Forea = 39.23 Forea = 37.39 Forea = 37.39
X XU, ) =0-63(0.63) X0, =1TLLTL) X2(G,,)=224(224) X*(h,,) =3.52(351) X°(,)=071(0.68) x*(xh,,)=1.10(1.09) x2(x%)=0.83(0.80) X*(f,)=0.95(0.83) X*(xZ,,)=139(1.36)
max{x3} max{x3} = 3.40 max{x3} =2.34 max{x3} =131 max{x3} =1.61 max{x3} =4.13 max{x3} = 2.65 max{x3} =5.89 max{x3} =3.97 max{x3} =2.92

X205 =0.70(0.68)

Figure A.8: Candidate J081959.57+064822.4 with classification IHRPRR ai. The candidate is: (I) visible, (H) in the halo of a bright star, (P) one
of a close pair, (R) rejected in SDSS, (a) accepted in UKIDSS.
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J124934.81+134759.9 (¢ =192.3951 deg, 6 = 13.8000 deg)

Classification: RPRHRirh, Redshift: 5.50, Pquasar: 0.000
X% 0.88, 2 0.38, x2. 1.38

= L

Mg, =20.46 £0.21 Mgy, =20.24£0.11 Mg, =20.28 £0.14 Mg, =19.58 £0.14 Mg, =19.28 £ 0.09

o Py

Mgy, =22.22+0.16 Mg, =21.91x0.20

Mg, =25.56 £0.76

Magnitude [ABL: £ " Z710221.00  Fap=129+047 Fop = 4.66 +0.68 Fap=6.19%1.19 Fop=2390+475  Fap=29.62%314  Fyp=2877+381  Fep=5447+7.07  Fgo=71.80621

Flux [uy]: Meatc=267420.81  Meoic=26.38£052  Meoic=23.04£0.31  Meaic=2277 £0.47  Meqic=2073%022 Mepie=20.37 2011  Meyc=20.42£0.12  Meare =19.62£0.12  Megic = 19.49 +0.09
Fele= —3.60£1.42  Fee= —0.942055 Fee=2.12£0.65  Foc=2.68+128  Feuc=18.57£3.95  Foue=2574£2.61  Feyc=247122.82  Feue=51.372581  Feue=58.02 +4.99

Pred. flux [ulyl: Fprea = 0.00 Forea = 0.00 Forea =1.92 Forea =7.33 Forea =27.56 Forea =32.11 Forea = 3573 Forea =49.17 Forea = 59.42

v X203, )=1.30(1.30) x*(ri,)=0.38(0.38) x?(x,)=0.44(034) X2(x%,,)=0.68(0.58) X(xh,,)=072(0.69) x*(x3,)=138(131) x2(x3,)=0.99(0.95) X*(k,,)=0.85(085) x’(,,)=120(107)

max{x3} max{x3} =5.85 max{x3} =2.15 max{x3} =2.19 max{x3} =1.90 max{x3} =2.44 max{x3} =7.22 max{x3} =7.15 max{x3} =2.72 max{x3} =7.33
XZos = 1.08(1.02) XZos = 0.35(0.25) Xos = 0.44(0.28) XZos = 0.42(0.38) Xos = 0.59(0.58) XZos = 1.11(1.06) Xos = 0.85(0.82) Xos = 0.84(0.84) XZos = 120(1.07)

Figure A.9: Candidate J124934.81+134759.9 with classification RPRHR irh. The candidate is: (R) rejected in SDSS, (P) one of a close pair, (H)

in the halo of a bright star, (i) visible, (r) rejected in UKIDSS.
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J083700.81+241219.2 (a =129.2534 deg, 6 = 24.2053 deg)

Classification: Ajr, Redshift: 7.49, Pyyasar: 0.028
X2 1.09, 32 0.64 , X2, 1.47

mgp=19.48+0.14
Fa=58.41+7.37

Magnitude [AB]: 2:.,= 251?;363:19.9%5
Flux [uJy]: Mepie=22.18+0.77  Meaic=20.58£0.09  Meare = 19.85 % 0.08
Fac=351+455  Feie=2127%176  Feye=4173£321

Mecaic =19.66 + 0.23

Pred. flux [uJy]: . . red = Fored = 0.59 Forea =25.89 Forea = 4478 red =

x: X20R,,)=124(124) X20G, ) =0.64(0.64) (G )=131(L31) x3(t,)=0.68(0.68) x3(()=1.15(1.15) X2(k,,)=139(138) (% )=147(103) X’(iG,,)=0.85(075) x3(xf,)=1.00(0.84)

max{x3} max{x3,} =5.86 max{x3,} =529 max{x3} =5.92 max{x3} =3.29 max{x3} = 4.68 max{x3} =527 max{x3}=1075  max{x}}=4.16 max{x3,} =3.11
Xos = 1.11(1.06) XZos =0.63(0.68) X =1.29(125) X2o; =0.68(0.56) X3os = 1.13(1.08) X3os =1.15(1.13) X2os = 1.46(1.03) X20; = 0.85(0.75) X3os = 0.81(0.69)

Magnitude [AB]:

Flux [uy]: Meaic=23.20£0.50  Meye =25.94£0.55  Meic=24.11£057  Meye=24.42+0.91  Meaie =21.89+0.46 Mo = 19.50 % 0.08
Feaic =1.69 £ 0.90 0.55+0.43  Feac=0.59%0.56 Featle=—0.07£1.10 Feac=5.35%323 Fealc =57.75 £ 4.02

Pred. flux [udy]: Fprea =0.00 .00 Foreq = 0.00 Fpreq = 0.0 Forea = 0.59 Forea = 44.78

x> X2, ) =0710.71) 7,.)=085(0.85) X°(,)=1.17(L17) X*(,)=1.09(1.09) X*(k,.)=1.26(1.27) X203, =1.38(126)

max{x3} max{x3,} = 3.00 max{x3,} =478 max{x3} =563 max{x3} =735 max{x3} =673 max{x3} =6.67
XZes = 0.60(0.56) Xos = 0.83(0.84) Xor =1.13(1.07) Xos =1.09(1.14) Xoes =120(1.21) Xeos = 1.24(1.07)

Magnitude [AB]:

Flux [udyl: Meaic=25.33£0.71 Meye=25.65£041  Meaic=22.24+0.41
Feale = * Fere= —1.94+089  Feac=3.14+2.36

Pred. flux [uly]: Fprea =0. Fprea = 0.00 Forea = 0.00 Fprea = 0.59

x> X0, = 1.04(1.04) (k) =0.78(0.78) X206,,)=0.98(0.98) X*(x3,,)=1.06(1.03)

max{x3} max{x3,} =5.15 max{x3,} =625 max{x,} =633 max{xZ,} =5.69
Xos = 1.02(1.01) X2os =0.78(0.74) X2s =0.82(0.69) X3o; =1.03(0.70)

Magnitude [AB]:

Flux [uly): Megic = 26.20 £ 0.50 M =22.47 0,62
Fea .12+1.09 Fealc=1.88+3.25

Pred. flux [uy]: Ferea =0.00 . Forea = 0.59

X X (Xi,,) = 0.99(0.99) X*(xfy,,,) = 1.04(1.04) X0, ) = 1.25(123)

max{x3} max{xZ,} =7.09 max{x%} =3.78 max{x} =451
XZos = 0.86(1.01) Xos = 1.04(1.04) Xeos =1.24(1.10)

Figure A.10: Candidate JO83700.81+241219.2 with classification A jr. The candidate: (A) is accepted
in SDSS, (j) has a repeat J measurement, (r) is rejected in UKIDSS.
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J115252.60+013045.7 (¢ =178.2192 deg, 6 =1.5127 deg)

Classification: LRu, Redshift: 5.52, Pquasar: 0.003
X% 1.00, 2 058, %2« 1.83

Mg =24.17 +0.53
Fgp=0.41%0.54
Mealc = 23.52 £ 0.48
Fealc = 1.18 £ 0.69
Forea = 0.00

Magnitude [AB]:
Flux [uJdy]:
Pred. flux [uJy]:

X% X*(Xf,,,) = 0.88(0.88)
max{x3} =3.27
X245 =0.79(0.70)

max{xZ}

Mg, =25.80 =£0.62
Fap= —1.38+0.98
Mcaic =23.01+£0.66
Fealc=2.06 +1.39
Pred. flux [uly]: Fprea =0.00
X X20,,.) =1.11(1.11)
max{x3} max{x2} = 3.55
Xw%" 1.07(1.04)

Magnitude [AB]:

Flux [uJdy]:

Mg, =25.01£0.46

Fap=0.06 £0.28
Meaic = 25.39 + 0.59
Feale= —0.17 £0.37
Forea = 0.00

X*(Xf,,,) = 0.58(0.58)
max{x3} = 3.44
X205 =0.58(0.47)

mgp, =24.38 £0.62
Fap=0.48 £0.46
Meaic = 25.96 + 0.76
Fealc= —0.56 +£0.61
Forea = 0.00

X* (X)) = 0.72(0.72)
max{x3} =7.19
X205 =0.69(0.65)

Mg =23.54 +0.27
Fep=126+0.38
Meaic =23.75 0.43
Fealc =0.99 £ 0.52
Forea =129

X*(Xf,,,) = 0.58(0.53)

max{x3} =3.05
X205 =0.56(0.52)

mgp, =23.45+0.41
Fap=1.39+0.62
Meaic = 23.95 + 0.64
Fealc=0.76 £ 0.68
Forea =129

X*(Xf,,,) = 0.61(0.57)
max{x3} =3.14
X245 =0.59(0.56)

Mg, =21.78 £0.08

Fap=7.01£0.53
Meaic =21.86 £0.14
Fealc=6.48 £ 0.88
Forea = 6.55
X*(Xf,,,) = 1.83(1.04)
max{x3} =22.12
XZos = 1.83(1.00)

mg, =22.15+0.21
Fap=4.91+0.97
Meaic =22.29 £0.31
Fealc=4.31+1.28
Forea = 6.55

X*(Xf,,,) = 0.70(0.64)
max{x3} =3.27
X205 =0.64(0.60)

Mg =20.96 + 0.14
Fgp =14.77 £1.99
Meaic = 20.96 £ 0.12
Fealc=14.82£1.79
Forea = 18.18

Mgy =20.24%0.14
Fgp =28.78 +3.63
Meaic =20.38 £ 0.13
Fealc = 25.69 £ 3.13
Forea = 20.96

Mg, =20.42 +0.13
Fgp =24.51%3.01
Meaic = 20.63 £ 0.13
Fealc =20.25  2.44
Forea = 2323

mg, =20.19+0.18
Fap =30.00 = 4.96
Mcaic = 20.35+0.19
Fealc=26.38 £4.64
Forea = 24.08
X*(,,,) = 1.51(0.75)  X*(x%,,)=0.87(0.85) x*(xf,,)=1.01(0.92) x*(xf,,)=1.22(0.88)
max{x3} = 6.32
X240 =1.41(0.74)

Mealc = 20.55 £ 0.20
Fealc =21.93 £ 4.01
Forea = 26.45

X*(Xf,,,) = 1.25(0.90)
max{x3} = 3.66
X2os =1.20(0.89)

max{x3} =6.51
X2os =1.20(0.79)

max{x3} = 4.80
X2os =0.82(0.81)

max{x3} =7.30
X205 =0.98(0.87)

mgp =20.62 £ 0.22
Fap=20.53 £4.21
Mcaic =20.81£0.25
Fealc=17.16 £4.16
Forea =18.18
X*(Xf,,,) = 0.76(0.76)
max{x3} =6.07
X245 =0.75(0.76)

Figure A.11: Candidate J115252.60+013045.7 with classification LR u. The candidate: (L) has unrealistically low noise, (R) is rejected in SDSS,
(u) has not been observed in UKIDSS.
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J112442.42+003517.8 (¢ =171.1768 deg, 6 = 0.5883 deq)

Classification: Amr, Redshift: 7.10, Pyyasar: 0.000
X% 1.60, X2, 0.67 , X2,y 3.58

Magnitude [AB]:

Fa R
6.38+0.46  Mcaic =24.02+0.81  Meaic=23.352 061  Meaic =23.28£0.75  Meaic = 19. 05

=0, Mcaic = 20.57 + 0.48
0.95+0.48 Fcac=0.68+0.83 Feaic=1.41+1.08 Feale= —2.18£4.02  Fcac=90.65+4.13

Meaic = 21.59 £0.75

Flux (udyl:

Feaic Feae = 21.54 £ 9.49
Pred. flux [uly): Fre Fprea =0.00 Forea =0.00 Forea =5.86 Forea = 65.49 Fprea =52.12
X X X0, )= 1.32(1.32) x*(tf,,)=079(079) X*((R,,) = 120(1.05) x*(xh,,)=2.94(2.86) X*(X3,.)=224(173) X*(¥f,,)=0.83(0.64)
max{x3} max{x3,} =429 max{x3,} =327 max{x3,} =533 max{x3,} =439 max{x3,} =592 max{x3} =392 max{x3}=17.35  max{x3}="563 max{x3,} =9.30
Xios =0.78(0.74) Xeos =0.67(0.71) Xios=1.27(1.18) Xzos =0.72(0.73) Xzos = 1.03(1.00) Xzos = 0.98(0.90) Xios = 1.97(1.01) X2os = 0.64(0.59) Xoow = 1.42(1.41)

Magnitude [AB]:

Flux [udyl: Meaie = 23.24 £ 0.94 Meae=23.44£0.57  Meaic=25.62+0.89  Meaie =23.50£0.94
Fearc =1.63+ 1.65 Ferc=1.41£087  Feye= —1.89+1.88 Feye= —3.44£5.49

Pred. flux [uy): Fprea =0.00 Fored = 0.00 Fored = 0.00 Forea =5.86

X X0, =1.15(1.15) 20, )=1.06(106) x*(ck,.)=0.77(077) x*(x3, ) =0.91(0.91) X3, )=0.79(0.76)

max{x3} max{x3,} =6.19 max{x3,} =3.15 max{x3,} =391 max{x,} =3.69 max{x3,} =395
Xos = 1.06(1.05) Xos = 1.06(1.10) X2os =0.69(0.66) X3os = 0.85(0.90) X2es =0.69(0.69)

Magnitude [AB]:

Flux [udy]: Meatc=23.15£ 049 Meye =24704£0.50  Meic=24.8340.62  Meyic =24.82£0.66  Meaic=21.95+0.42
Feac=1.79+0.93 Fesle= =0.03£0.50  Feye= —0.57£0.86  Feuc=4.94+2.85

Pred. flux [uly]: Ferea =0.00 . Foreq = 0.00 Fored = 0.00 Fored =5.86

X )(21)(%,%) =1.25(1.25) )(21)(%,%) =1.04(1.04) x’()(,zwm) =0.80(0.80) x’()(,zwm) =0.96(0.96) XI(X%IWJ =0.67(0.59)

max{Xp} max{x2,} =425 max{xZ,} = 4.57 max{x} =8.02 max{x%,} =3.89 max{x,} =5.44
)(;%= 1.10(1.03) )(;%= 1.02(0.98) x§%=0.80(0.54) x§%=0.95(0.90i )(;u5 =0.67(0.59)

Figure A.12: Candidate J112442.42+003517.8 with classification A mr. The candidate is: (A) ac-
cepted in SDSS, (m) moving, (r) rejected in UKIDSS.
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J035848.16+010102.7 (@ =59.7007 deg, 6 = 1.0174 deg)

Classification: NORIi, Redshift: 5.50, Pguasar: 0.000
X% 126721, 32 8.88 , X2 ax: 9509.41

Magnitude [AB]: [ ZJ057 *0.08

map =16.91 % 0.01 7.38+0.02

Fap = 550.09 +5.59 Fop=607.11+7.85 . 39125 +6.89
Flux [udyl: Meaic = 20.05 = 0.05 Meaic=17.70 +0.04 7.31£0.08  Mec=17.18%0.05  Mea Meaic = 17.08 +0.02 . 17.47+0.04

Fealc=33.28£1.54 Feale=302.45% 10.85 Feolc =431.55+ 17.13 Fooic =497.36% 21.57 Fearc=537.67£5.91  Frac=534.69+ 7.73 7174 £14.11
Pred. flux [uly):  Fprea = 0.00 Fprea = 0.00 Forea =73.48 Fored =414.97 Foreg =842.74 Forea =1083.79 Fored = 822.19 Fore

: o "
- Y20, = 47.69(47.69)7(x3, ) = 4734.46(4T0 ), ) = 7309.33(7T140.60), ) = 1399.85(95624), ) = 468.27(372.913, ) = 2622.35(2628.48) ) = 61.53(61 3117063,
max{xj} 492 max{x}=4600.07 max{x}}=1400350 max{x3}=11997.67 max{x’}=104185 max{x3}=36.49  max{x3}=11607 max{x3}="683.08

3o =458.97(215.92) X2y, = 1440.64(712.65))3,, = 1387.72(918.63) Xy, =130.44(82.90) X3, =6.87(4.68) X3, =6.61(6.46) XBos =48.32(18.34)

Mgy =17.07 £0.01

max{xj} = 464.75
Xos = 29.39(7.77)

16.97 £0.01
Fgp=603.11+8.55

Map =17.26 +0.01
32753170  Fup=452.74 243

Mg, =18.38 + 0.01

Magnitude [AB]: e Fa=16174£1.07

6.97+0.01
Fap=37.43+1.63

. Mgy =16.98 + 0.01
604.34 6,52

Fap=588.29 +7.56

Flux [udyl: Meae=20.1520.06  Meatc =18.43%£0.02  Meatc =17.75+0.03  Meare=17.2920.03 Mot =17.17%0.03  Meaic =16.8720.02 My =1673£0.02  Mewrc =16.92£0.03  Meare =17.350.03
e =30.59 £ 1,57 Feare=154.72£2.82  Fearc=289.56% 6.94  Feaic =441.12213.30 Feac =499.24 214,50 Fooic =64920£1429 Fryic=735.312 1073 Feqc=619.71£14.48 Fear

Pred. flux [ulyl: Fprea=0.00 4=0.00 Forea =73.48 Foreq = 414.97 Fore =842.74 Forea = 1083.79 Forea = 822,19 red = 799.96

X XE0G,..) = 17.82(17 8203 (xG,,.) = 1939.69(1938268),_ ) = 2225.07(220808), ) = 229.20(186.8EIx,.) = 150.02(146.071x7, ) = 1594.97(1538:2, ) = 38.41(17.37)

fipe.) = 150.50(100.480xf; ) = 401.61(383
max{x3,}=782.02 max{x3}=33580 max{x3}=70521 max{x3}=224.89
=179.90(103.09) X2, =222.66(171.76) X2 =17.71(15.07)  x2,,=111.34(74.87) %, =31.48(12.19) X2, =5520(2727) X2, =2025(11.79)

max{xj} max{x3}=1179 max{xZ}=187.07  max{x3}=868.81

max{X3} =1372.36  max{)Z,} = 99.00
Yoy = 2.05(1.35) 2, =43.67(3475) X2,

Magnitude [AB]: Mgy =19.89+0.04  mgy, =18.39x0.01 Map=17.62+0.01  mg,=1724+0.01

Mgy =17.07 £0.01
Fp=38.68+135  Fgp=1601121.00 Fy,=326.07+1.68 Fap=459.82+243

Fap=549.93 6.33

Flux [uy]: Meaic=19.89+0.04 846002 Meaic=17.67+0.03  Mec=17.32%0.03  meye=17.13£0.03

Feuc=38.89%130  Feac=149.783.00 Feye=309.56+8.64 Froe=430.38+ 11.87 Fraic=520.50 % 15.45
Pred. flux [uly]: Forea =0.00 Foreg =0.00 Forea =73.48 Forea =414.97 Forea = 84274
X% X*Ufh,,,) =47.37(47.37) (xh,,,,) = 3977.57(397%8¥}, ) = 3508.17(349FR8), ) = 427.69(294.871x7,,,,) = 216.13(194.87)
max{x;,} max{x3}=13.69  max{3}=1270.87 max{x3}=2913.94 max{x3}=3466.87 max{xZ}=42276

Xos = 3.11(1.45) X2oe = 135.48(78.52) 76.58(277.65) X2, = 419.89(282.39) xZ,, = 35.90(27.27)

. m .85 + 0. Mgy =18.39%0.01 I 1727+0.01

Magnitude [ABJ: Fap=159.56£0.99  Fg=321.06%1.67 450392241 .
Flux [yl m 19.91:0.03 .02 Meoe=17.70 £0.03 729£0.03  Meye=17.14£0.03

38.03+1.10 16.01+ 14.66
0.00

Pred. flux [uly]:

X ghet 58.79(58.790*(X,,.)

max{x3,} max{x} =1245  max{x3}=118257 max{x3}=362075 max{x3}=3769.07 max{xZ}=202.56
234.87(7725) X2, =478.01(228.56) xZ,, =434.60(222.52) X2, =31.90(21.63)

Magnitude [AB]: ?m, .89 + 0. mg, =18.38 0.01 Mgy =1725+0.01  my, =17.01%0.01

Fap=160.71+1.04 32870£174  Fgp=456.90£2.63 Fap=578.27%7.52

Flux [dyl: 20202005 Meic=18.43£0.01  Mec=17.64£0.02 Megc=17.26£0.02  Mege = 17.09 £0.02
Fac=2922£147  Fye=154.46£ 162 Feye =319, 152 Feaic=451.40£8.57  Feqe=537.27 £10.02

Pred. flux [uJy]: 0.00 Forea =0.00 Forea rea = 414, Forea =842.74

X X203, =925(9.25) XP(,,) = 2458.67(245868, ) = 1954.65(1956.68), ) = 91.28(74.420° (¢, ) = 66.02(66.10)

max{x3,} max{x3,} =287 max{3}=109.52  max{x3}=404.44 max{x3}=414.82 max{xZ}=23.59
66(0.64) X%, =2270(11.81) X%, =55.21(35.19) X%, =73.62(5584) X2, =4.49(4.37)

9.94+0.05 my=1840+0.01 mg=17.62+0.01 mg=1727%0.01  my=17.05%0.01

Magnitude [AB]:
9 " Fup=37.06+157  Fu=15886%1.06 Fuy=32645+171 Fup=449.862252 Fay=560.987.56

Flux [wdyl: Mesc=2024%0.07  Meyc=18.4620.01  Meyie =17.68 +0.02 : 02 Meye=17.1220.02
Fec=28.05£183  Fee=149.67£1.86  Feic=308.56£ 477 23.06+ 11.85

Pred. flux [uly): Forea = 0.00 Forea =0.00 Forea =73.48 ore re = 84274

X% XP0x3,,) = 8.88(8.88) XP(, )= 1468.92(1468208, ) = 1774.73(1778B&, ) = 32.28(11 73] () = 46.35(39.65)

max{xz} max{x;}=1853  max{x3}=5618  max{x3}=26313 max{x3}=20777 max{xi}=23.48
Yo =161(135)  x3,=14.24(323)  x3,=53.08(6.10)  XZ,=31.37(8.99)

992004  mg=183820.01 ! Mgy =17.25£0.01
Magnitude (ABL: 77 63135 Py 161801 03167 Fue 456702243 Fu
Flux (udy]: Mec=19.932 0,04 Meaic = 18.41%0.01 Mepie=17.23£0.03  Meye=17.15 £0.02
Fee=3725£138  Fenc=156.41£2.15 Fepc=312.55+8.90 Fen =465.81£ 1276 508.70£10.73
Pred. flux [uly): Forea=0.00 Forea =0.00 Furea=73.48 Forea = 414.97
¥ Xth,) = 43.97(43.97K (¢}, ) = 4602.84(460%268), ) = 4145.61(413:08),_)
max{x3.} max((3}=1457  max{(3}=295.07 max{iZ}=201239 max{x3}=117577 max{xi}=49.77

Xeos=2.38(238)  xZ,=57.61(50.06) X2, =488.86(420.17) X2, =193.32(183.03) xZ,, =10.34(9.58)

Figure A.13: Candidate J035848.16+010102.7 with classification NOR i. The candidate is: (N) noise,
(O) outside the survey’s area, (R) rejected in SDSS (u) unobserved in UKIDSS.



J082207.64+002728.2 (¢ =125.5318 deg, 6 = 0.4579 deg)

Classification: Aipr, Redshift: 5.58, Pquasar: 0.000
X% 1.25, X2 057 , %2, 1.69

20.11x0.08 Mg, =19.88 £ 0.08

Mgy, =25.14£0.73 Mg, =25.43 £0.55

Mg, =19.77 £0.12 Mg, =19.82 £0.14

Appendix A. Visual classification labels

Mg, =24.81£0.78 Mgy, =21.91+0.19 Mg, =20.50 £0.24 Mgy =

Magnitude [ABI: £ " 0542078 Fap=-020£034 Fayp=—-0010.62 Fup=6.16=1.11 Fao=23.06+5.34  Fgp=33.06%2.36  Fgp=40.92+2.95  Fg,=4544%506  Fu=42.96=574

Flux [wyl: Meae=247120.95  Meac=24.90+0.48  Meaic=25.1120.63  Meae=2221£027  Meyc=20.762026  Meac=20.17£0.05 Mg =19.63%0.05  Meare=19.650.11  Meare = 19.95 % 0.14
Fele= —0.11£0.90 Fopc=0.132029  Fope= —02520.53 Feae=4.66+122  Fec=17.94 %447  Foc=31.06+1.49  Feye=51.15%239  Feac=50.33%5.05  Feye = 38.07 £4.93

Pred. flux [ulyl: Forea =0.00 Forea = 0.00 Forea =070 Fored = 5.66 Forea = 20.22 Forea = 35.34 Forea = 35.54 Forea = 46.10 Forea = 46.10

X% X20E,)=0.570.57) X°(x%,)=071(071) X*(%,)=0.99(0.98) X*(xZ,)=071(0.56) x*(xZ,,)=0.84(0.65) X*(xZ,)=1.58(152) X2(xZ,)=1.69(164) X*(xk,.)=1.67(149) x*(ck,,)=128(124)

max{x3} max{x3} =2.22 max{x3} =2.83 max{x3} =4.88 max{x3} = 3.40 max{x3} = 3.06 max{x3} =4.49 max{x3,} =6.08 max{x3} =8.13 max{x3} =6.91
X2o: = 0.57(0.52) X2,: = 0.69(0.65) X2,: = 0.90(0.99) X2,: = 0.68(0.55) X2o: = 0.83(0.65) X2e = 1.27(1.24) XZos = 1.12(1.05) X2oe = 1.64(1.44) X2 =1.19(1.16)

+0.70 Mgy, =25.31x0.

Mgy =23.73 55 Mg, =24.08 £0.49 Mg, =21.99£0.15 Mg, =20.80 £0.20

Magnitude [ABL: ¢ " .90+ 0.87 Foo=—012%0.34  Fg=0.62+0.49 Fap=5.72%0.82 Fap=17.25 % 3.40

Flux [ulyl: Meatc =22.95£0.43  Meqic=25.62£0.53  Meaic=23.64£0.35 Meaic=22.12£0.19  Megic = 20.80 +0.20
Felc=22020.95  Feie= —0.32%0.35 Fee=1.12£046  Foye=5.07£093  Feoe=17.37£3.35

Pred. flux [ulyl: Fprea = 0.00 Forea = 0.00 Forea =070 Forea = 5.66 Forea =20.22

X X203, )= 1.06(L06) x(a,)=1.58(1.58) X*(xZ,)=0.99(0.98) X2(x)=1.30(0.98) X(x3,)=1.30(1.07)

max{x3} max{x3} =3.77 max{x3} =7.93 max{x3,} =6.08 max{x3} =6.26 max{x3,} =11.44
Xos = 0.85(0.84) Xos = 1.54(1.42) Xos = 0.96(0.94) XZos = 128(0.98) XZos = 128(1.08)

Figure A.14: Candidate J082207.64+002728.2 with classification A ipr. The candidate is: (A) accepted in SDSS, (i) visible, (p) one of a close pair,
(r) rejected in UKIDSS.
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Figure A.15: Candidate J132600.21+082335.1 with classification IA rsi. The candidate is: (I) visible,
(A) accepted in SDSS, (s) close to a diffraction spike, (r) rejected in UKIDSS.
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J154642.41-014756.6 (ad =236.6767 deg, 6 = — 1.7991 deg)

Classification: Tu, Redshift: 6.10, Pyyasar: 1.000
X% 221, X2 072, %2 .k 4.95

r I Z

Mg, =23.36 £0.25 Mgy =24.50 = 0.57

Mg, =24.06 £0.74 Mg, =22.49 £0.20 Mg, =19.26 £ 0.05 Mg, =18.94 £ 0.04 Mg, =18.44 £0.03 Mg, =18.38 £0.04 Mg, =18.61 +0.06

Magnitude [AB]:

F4p=0.52+0.78 Fap=1.58 £0.39 Fap=0.25+0.48 Fgp=3.55+0.70 Fgp=73.07 £3.21 Fgp =96.83 £3.29 Fap=153.05+5.09  Fg=165.12+6.13 Fap=130.82 +6.78
Flux [uy]: Meaic =24.07 £0.88  Mcaic =25.64+0.58  Mcaic =24.32+0.47 Mcac=22.86+0.22 Mcaic=19.30£0.04 Mcac=19.01 £0.04  mcyc=18.41+0.03 Mecaic =18.41+0.05  mMcaic = 18.65 + 0.06
Feac=0.51+0.92 Fealc= —0.33+0.39  Feac=0.40+0.42 Fealc=2.45+0.56 Feaic=70.48 +2.59 Fealc=90.68 + 3.14 Fealc=157.31+4.41 Feac=156.88 £6.57  Feac=125.57 +6.71
Pred. flux [uly]: Forea =0.00 Forea = 0.00 Forea =0.09 Forea =2.93 Forea =63.18 Forea = 110.09 Forea = 123.65 Forea = 158.81 Forea = 158.81
X% XU, ) =122(122) x2(3,,) =1.00(1.00) X*(x,,)=087(0.86) x*(B,)=072(0.37) X*(ih,,)=1.36(121) X(3,)=2.89275) X203, )=2.92(2.41) X*(%,)=4.95(241) X*(x%,,)=3.94(179)
max{x3} max{x3,} =6.50 max{x3} =6.28 max{x3} = 3.83 max{x3,} =3.21 max{x3} =7.44 max{x3} =6.43 max{x3,} =15.01 max{x3} =57.54 max{x3,} =24.16
X2 =1.21(1.07) X205 =0.97(0.95) X205 =0.85(0.78) X205 =0.69(0.36) X2os =1.10(0.92) X2 =1.44(1.33) X2e = 1.90(1.24) X2os =4.95(2.36) X205 = 2.66(0.98)

Figure A.16: Candidate J154642.41-014756.6 with classification T u. The candidate is: (T) close to a satellite or meteor trail, (u) unobserved in
UKIDSS.
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J143135.16+102210.9 (a =217.8965 deg, 6 =10.3697 deg)

Classification: Avr, Redshift: 7.15, Pqyasar: 1.000
X% 1.02, %2 0.38, x2. 1.58

f . Mg, =19.41 +£0.04 Mg, =19.70 £ 0.06 Mg, =19.71 £ 0.09 Mg, =20.10=0.14
Magnitude (AB]: Fap =62.47 £2.53 Fap=47.74 £2.92 Fap =47.54 £4.05 Fap=33.16 £4.34
=25.90x£0.53 Mcac=24.86+0.63 Mcaic=24.35+£0.58 Mcaic=24.65£0.64 Mcac=23.38£0.37 Meac=19.48£0.04 Mcac=19.55+0.05 Meaic=19.69+0.09  Mcarc =20.26 £0.12

Flux [udyl: Mealc
Lol Fealc= —1.53+0.90 Fcac=0.15+£0.39 Fealc=0.37 £0.50 Fealc= —0.35+0.80 Feaic= —2.72£2.07 Fcac=58.61+2.10 Fealc =55.15 +2.60 Fealc=48.26 + 3.86 Fealc=28.59 + 3.17
Pred. flux [uJy]: Fprea =0.00 Forea =0.00 Forea =0.00 Forea =0.00 Forea =4.24 Forea =56.41 Fored =50.69 Forea =46.31 Forea =46.31
X% X*(Xh,,,) = 1.58(1.58) X*(x%,,)=0.38(0.38) X*(xf,,)=0.59(0.59) x*(xf,,)=0.42(0.42) x*(x&,,)=1.23(0.83) X*(xf,,)=1.07(1.07) x’(xf )=1.36(1.33) x*(x%,)=1.18(0.82) X*(x%,,)=1.35(1.30)
max{x3} max{x3} =14.28 max{x3} =1.56 max{x3} =3.39 max{x3} = 3.63 max{x3} =6.28 max{x3} =4.72 max{x3} =10.41 max{x3} =4.11 max{x3} =2.80
X2os = 1.46(1.46) X2os =0.37(0.43) X205 =0.57(0.55) X2os =0.42(0.39) X2os =0.87(0.83) XZos =1.03(1.02) X2oe = 1.31(1.28) X240 =1.16(0.77) X205 =0.50(0.45)

Figure A.17: Candidate J143135.16+102210.9 with classification A vr. The candidate is: (A) accepted in SDSS, (v) time-variable, (r) rejected in
UKIDSS.
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J141902.93+001740.5 (@ =214.7622 deg, 6 = 0.2946 deQ)

Classification: IWRai, Redshift: 5.50, Pquasar: 0.000
X% 3.03, X2 0.70 , %2 . 943

Mgy =20.19+0.05  mgy =20.09 % 0.12
Fep=30.89+159  Fy,=33.85+3.63
Mealc =20.08£0.06  Mcaic =20.12 +0.12
Feac=3370+1.86  Fopc=32.46%3.62
Forea = 38.82 Forea = 33.15

Mg =20.26 + 0.22
Fgp=28.52+5.71
Meaic = 20.65 + 0.36
Fealc = 19.93 £ 6.58
Forea = 34.19

Mgo=23.08+0.76 My, =21.34+0.06
Fap=1.93+1.54 Fap =10.58 £ 0.63
Meaic =24.14 £0.94 My =21.89 0.08
Fealc = 0.44 £ 0.96 Fealc = 6.36 £ 0.45
Pred. flux [uly]: Fprea =0.00 Forea = 0.00

Mg, =20.67 £0.06 Mg, =19.94 £ 0.06
Fap=19.51+1.11 Fap =38.45+2.17 Fap =46.41 £8.15

Magnitude [AB]: Mg, =19.75 £ 0.19
Meaic =21.02 £0.05
Fealc=14.22+0.71
Fored = 3.49

Mealc =20.79 % 0.08
Fealc=17.52£125
Forea = 13.33

Mealc = 20.51 £ 0.27
Fealc =22.73 £ 5.81
Forea = 36.76

Flux [uJdy]:

X% X*(h,,,) = 0.70(0.70)  X*(xF,,)=7.33(7.33) X*(xf,,) =6.64(6.62) x(xf,,)=1.69(1.63) x*(x%,,)=1.85(1.60) X*(xf,.)=2.32(227) x*(x%,)=0.97(0.91) X*(x,,)=1.22(1.04)
max{x3} =11.55
X2os = 1.64(1.47)

max{xZ} max{x3,} =6.18

X2os =1.19(1.06)

max{x3} =2.74
X245 =0.68(0.59)

max{x3} =3.28
X2os =0.79(0.61)

max{x3} =5.69
X2os =0.75(0.67)

max{x3} =5.85
X2 =1.25(1.17)

max{x3} =10.56
X2os =1.94(1.88)

max{x3} =7.12
X2 =0.97(0.91)

Mgy, =17.47 £0.18

R " A ]
mg, =16.11+0.03

e S T i ¥ 4
17.16 £0.04 Mg, =16.70 £ 0.04 Mgy, =15.43+0.10

Mg, =19.98 £0.05
Fap=361.11+58.46 Fy, =498.47£18.48 Fq4p=755.71£31.30 Fyp,=1308.71£41.32 Fy, =2498.88 £231.47Fy, =38.09£2.01

Magnitude [AB]: Map =

Meaic =20.62+£0.05  Mcaic=20.93 £0.30

Feac=0.38 £1.08 Fealc=6.31+0.42 Feaic=14.44 +0.61 Fealc=20.45+1.03 Fealc=15.25+4.41 Fealc=28.67 +2.82
Pred. flux [uJy]: Fprea =0.00 Forea =0.00 Fored = 3.49 Forea =13.33 Fored =36.76 Fored = 38.82
X% X*(K,,) = 1.10(1.10)  X*(Xf,,,) =8.53(8.53) X*(Xf,,) =9:43(9.33) X*(xf,.)=3.08(275) x*(xf,,)=1.90(1.30) X*(x,,)="1.99(1.56)
max{x3} max{x3} =4.27 max{x3} =6.48 max{x3} =6.30 max{x3} = 8.81 max{x3} =7.37 max{x3,} =7.06
X2os =1.09(1.04) X2 =1.13(0.71) X245 = 0.89(0.45) X2os = 1.45(0.94) X2 =1.07(0.82) X2 =1.52(122)

Meaic =20.26 £0.11

Meaic = 19.96 £ 0.25
Feac = 37.60 £ 8.58
Forea = 34.19

X*(X,,,) = 1.49(1.45)
max{x3} =6.91
X205 = 1.48(1.40)

Meaic =24.20£1.08  Mcaic=21.90£0.07  Mcac =21.00 £ 0.05

Flux [uJdy]:

Figure A.18: Candidate J141902.93+001740.5 with classification IWR ai. The candidate is: (I) visible, (W) with wrong photometry, (R) rejected

in SDSS, (i) visible, (a) accepted in UKIDSS.

mgp =20.50 = 0.40
Fgp =23.43 £8.55
Meaic =21.88 £1.10
Fealc=6.45+6.53
Forea =33.15
X*(Xf,,,) = 1.68(1.03)
max{x3,} =15.51
X2os =1.18(1.02)



271

JO73749.93+261844.9 (o =114.4580 deg, 6 =26.3125 deg)

Classification: zr, Redshift: 5.50, Pquasar: 0.628

%2110, ¥2,,: 0.67 , 2., 1.56

mgp = 24.48 + 0.85 mgp =23.90 £0.39
Fap=0.11+0.80 Fap=0.89+0.39
Flux [uJy]: Meaic =24.14+0.92  Mcaic =23.91+0.37

Feaic=0.44 £ 0.94 Fealc=0.88 £0.38
Pred. flux [uly]: Fprea =0.00 Forea = 0.00

Mg =2319+027  mg=21.97+0.13
Fgp=1.83%0.50 Fgp=5.86+0.73
Mealc=23.16 024 Mcyic =21.97 £0.13
Fearc=1.89+0.46  Foyc=5.86%0.71
Forea = 0.91 Forea = 6.34

Mg =21.55 + 0.30
Fgp =8.06 +2.68
Meac =21.47 £0.28
Fealc =8.83 £ 2.63
Forea = 1377

Magnitude [AB]:

X% X (K,,) = 1.14(1.14)  X*(Xf,,.) =1.18(1.18) X?(Xf,,) =1.05(1.05) x*(xf,,)=1.07(0.93) x*(xf,,)=1.00(0.86)
max{x3} = 8.84
X2os =0.91(0.82)

max{xZ}

max{x3} =4.29
X2 =1.13(1.19)

max{x3} =521
X245 =1.00(1.00)

max{x3} =4.09
X205 =0.89(0.88)

max{x3} =6.26
X2os =1.05(0.92)

mgp =25.22+0.93 mgp =25.95+0.58

Fgp= —0.62+1.02 Fgp = —0.56 +£0.45 Fap=0.52+0.68

Flux [wyl: Meatc=24.08£1.12  Mcaic=25.81£0.62  Meaic =24.08 = 0.71
Feac=0.50+1.17 Fealc= —0.45+0.45 Feac=0.62+0.70 Fealc=6.24+1.05 Fealc=6.64 = 4.54

Pred. flux [uJy]: Fprea =0.00 Forea =0.00 Forea =0.91 Forea =6.34 Forea =13.77

X% X (K,,) = 1.34(1.34) X*(Xf,,.) =1.35(1.35) X*(X,,)=1.37(1.36) x°(xf,,)=0.98(0.94) x*(xf,,)=1.56(1.41)

max{x3} max{x3} = 4.80 max{x3} =5.09 max{x3,} =8.01 max{x3} = 4.83 max{x3,} =11.72
chmuu.wmﬁ—.www chmuu.w“:“—.wmw chmuu.wﬁu.wﬁ chmuo.wmﬁo.wf chmuu.bﬁu.bb

Mgy, =24.19£0.73

Mg, =21.85x0.16 Mgy =22.41£0.75
Fap=6.54£0.98 Fap=2.22+4.04
Mcaic =21.90£0.18  Mcaic=21.72 £ 0.58

Magnitude [AB]:

Figure A.19: Candidate J073749.93+261844.9 with classification zr. The candidate is: (z) persistence image, (r) rejected in UKIDSS.

mgp, =20.24 +0.08
Fgp=29.11+2.11
Meaic = 20.57 £0.12
Fealc=21.39 £ 2.46
Forea = 22.54
X*(Xf,,,) = 1.10(1.08)
max{x3} =5.13
X2os =1.09(1.07)

mgp, =20.77 £0.13
Fap=17.84 +£2.08
Mcaic = 20.66 + 0.10
Fealc=19.68 £1.73
Forea = 18.92
X*(Xf,,,) = 1.04(0.76)
max{x3} =7.94
X2 =1.03(0.72)

Meaic = 20.66 = 0.12
Fealc =19.77 2223
Forea = 18.92

X*(Xf,,,) = 0.67(0.56)
max{x3,} =5.08
X2os =0.67(0.54)

Meaic = 20.99 £ 0.50
Feac = 14.54 £ 6.67
Forea = 21.04

X*(Xf,,,) = 0.78(0.68)
max{x3} =3.77
X205 =0.76(0.68)

Meac =21.17 £ 0.48
Fearc=12.33£5.41
Forea = 21.04

X (¥,,,) = 1.17(1.12)
max{x3} =5.75
X2os =1.10(1.07)



Appendix B

Bayesian inference vs frequentist statistics

B.1 Frequentist statistics

The main difference between frequentist and Bayesian statistics is that in classical statistics the pa-
rameters 6 are considered fixed. In Bayesian statistics, however, the parameters € are considered
random variables themselves and the observed data realisations thereof. Bayes’ theorem gives us
back a probability density function of the model parameters conditional on the observed data, and
hence includes a description of uncertainty. With Bayes’ rule, once the model has been set up one

updates one’s belief about the model parameters with each new observed data sample.

Compared to Bayes’ statistics, frequentist inference does not assign probabilities to parameters. It also
does not take into account any prior belief. It gives the probability of an outcome of an experiment
based on the relative frequency of that outcome (Fornacon-Wood et al., 2022). This experiment has
to be repeatable over and over again, and the outcomes have to be independent (Gelman, 2014). The
uncertainty depends on the number of observed events. For example, let us take a fair coin again. If
we flip the coin multiple times, the probability will get closer and closer to 0.5 for both ‘heads’ and
‘tails’. This is based on the central limit theorem, which states that as one collects more and more data
samples from a population distribution, the sampling distribution will take on a normal distribution
with mean the mean of the collected samples getting closer and closer to the mean of the population.
In the case of flipping a fair coin, we know that the probability is 0.5 for both ‘heads’ and ‘tails’. By
flipping the coin a large amount of times, the average ratio of showing ‘heads’ (or ‘tails’) should get
closer and closer to 0.5. However, if we flipped the coin only a couple of times, we could not rule out

that the coin is unfair, e.g. that it is weighted so that one side shows up more times than the other one.

272
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B.1.1 Null hypothesis and p-values

B.1.1.1 Null hypothesis

Frequentist statistics makes use of a null hypothesis, which represents a hypothesis before the data
is collected (Fornacon-Wood et al., 2022). For example, one might test whether a certain medicine
helps to reduce deaths from Covid. The null hypothesis would then state that the new medicine has
no effect on the outcome and hence that it does not alleviate Covid deaths. One would then do an
experiment with a group A of Covid patients that receives that medicine and a control group B that
does not receive that particular medicine. Then, one compares the Covid deaths between those two

groups.

B.1.1.2 P-value

The p-value gives the probability of the observed outcome plus any more extreme / less likely cases
combined if the null hypothesis was true (Fisher, 1970). For example, in a Gaussian probability
distribution, if we were to observe x > 0, then the p-value would be the integral of the Gaussian from
X to its tails up to infinity (Goodman, 2008). More formally, for a symmetric probability distribution

centered around zero, the single-tailed p-value is given by

) P(X > x|Hy) for x>0
one-tailed p-value : (B.1)
P(X < x|Hy) for x<0

where H, represents the null hypothesis, X a random variable (e.g., mean) and x is the observed

outcome. A two-tailed p-value is given by the integral over the extremes on both sides of the tail,

. P(IX| > |x|[H,) for [x] >0
two-tailed p-value : (B.2)
P(X| < |x||Hy) for |x] <0

In our case, the one-tailed p-value tells us the probability that group A could have at least the observed
amount of deaths if the null hypothesis was true. That is, it gives the probability of observed deaths
or more deaths given that the medicine cocktail does not have any effect on the amount of deaths. The
larger the p-value, the more likely one would observe the observed data given that the null hypothesis
is true. Here, the larger the p-value, the more likely the medicine does not have any effect on the
observed deaths. The sample size should be taken into account as well. A large sample size reduces
the variance. For example, if there was a large variance in the number of deaths then one could have
a large p-value even if the medicine was working. Hence, a large p-value is no proof of anything in
it of itself (Goodman, 2008). Further, note that the p-value is conditional on the null hypothesis Hj
to be true (see equation (B.1)). It does not say anything about observing data x if the null hypothesis
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H, is not true. To get the probability P(H,) that the null hypothesis is true one would need Bayes’

theorem.

This shows one of the shortcomings of frequentist inference. It also shows that a high p-value, or
significant p-value, is not equivalent to clinical importance. As Altman & Bland (1995) puts it,
“Absence of evidence is not evidence of absence”. In our case, this means that a high p-value does

not necessarily imply that the medicine does not help in reducing Covid deaths.

B.1.1.3 Hypothesis testing

In hypothesis testing one tests the null hypothesis against an alternative hypothesis. One can then
reject or accept a certain hypothesis. One speaks of ‘non-significant’ results if p > 0.05. Similarly,
a p-value of p < 0.05 is called statistically ‘significant’. In those cases one typically rejects the null
hypothesis. One can also test against multiple hypothesis. However, one should be vary about com-
paring the resulting p-values. If one was to compare different treatments for Covid and the different
hypothesis turn out to have similar p-values, one should not imply that there is no difference between
the treatments. Rather, one should note that there is an absence of evidence of a difference (Altman
& Bland, 1995).

Unfortunately, results are often published that either knowingly or un-knowingly overstate the evi-
dence. This has lead to the ‘reproducibility crisis’, which occurs when an experiment is reproduced
but reaches contradicting outcomes (Gibson, 2020). In that case, it is impossible to say which or if
any of the two experiments come to the correct conclusion. Further, any work that depends on the
outcomes of the initial experiment cannot be trusted anymore either. Generally, a small p-value does
not correspond to significant evidence, and one can still have a large probability that the result is a
false positive (Colquhoun, 2017). For the reasons mentioned above, Colquhoun (2017) recommends

to never use the terms ‘significant’ or ‘non-significant’.

B.2 Advantages and disadvantages of Bayesian and frequentist

statistics

In Bayesian statistics, we are able to e.g. predict whether patient A has Covid under the condition
that the test was positive for any set of disease prevalence in the population (see Section 4.2.3 for the
full calculation). In frequentist statistics, we would not be able to infer the probability for cases we
have not actually observed. That is, if we only collected data at a prevalence of 1%, then this is the
only case where we could give a good estimate of the probability that patient A had Covid given the

positive test result. For any other population prevalence, we would have to collect data first before we
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could give any predictions. This shows the power of Bayesian statistics. We can infer probabilities of

events that have not occured (yet).

A disadvantage for the Bayesian method occurs when we do not have any initial beliefs and do not
know the conditional data distribution, and also cannot make educated guesses about them. Let us
say we had developed a new Covid test and did not know the specificity of sensitivity yet. We can
only find out about those numbers by taking measurements. That is, letting people take the test and
separately analyse whether they have Covid or not. If the number of people taking part in that trial is
large, then our initial belief is not that important as the data will notch us into the right direction. If

the number is small, then the choice of prior belief is crucial.

A disadvantage for frequentist statistics is that one can have opposing results with the same data set
(Hackenberger, 2019). This is because the evidence in p-values is often overstated. The p-value is
conditional on the null hypothesis Hj, but does not say anything about the probability that the null
hypothesis is true. Further, experimental design has to be clearly stated in advance, since if this is not

the case then no clear conclusions or p-values can be drawn from the experiment.



Appendix C

Additional information on machine learning

C.1 Loss functions and optimization techniques

C.1.1 Loss functions

A loss function measures how well our estimator performs. It compares a set of predicted outputs with
that of the true outputs. We separate the loss functions depending on whether we have a classification
task or a regression task. For each of the loss functions below, we set m to be the number of samples

, {xi}i=1,m to be the set of input features and {y;};=

.....

a predicted class, while for a regression task it represent a numerical value.

For classification tasks, our output consists of probabilities that a sample belongs to the possible

output classes.

C.1.1.1 Multi-class cross-entropy

Multi-class (or categorical) cross-entropy is defined as (Murphy, 2012)

S

Hy, ==— > 3" yi logi, (C.1)

1mN
m_:].

1

[

where y;. the actual label of sample i, and ;. the predicted probability by our classifier that sample i
belongs to class c. Typically, the actual labels y;. are either O or 1 (y;. = 1 for exactly one class only),

whereas the predicted probabilities can range between those two values. For both y; and ; it holds
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true that the sum of their elements is equal to one,

Vi=1,...,m: (C.2)
N

yie = 1, (C.3)
c=1
N,

and $ie = 1. (C4)

C.1.1.2 Binary cross-entropy

In a binary classification problem we only have two classes, O and 1, and therefore N, = 2. Binary

cross-entropy is then defined as (Murphy, 2012)

2
D vie log i) (C.5)

1 c=1

si-
[

H, =

1

yio log Jio + (1 = yio) log (1 = $io) » (C.6)

[
|

S

Ms

1l
i

i

where y; the N.-dimensional vector of the actual label of sample i, and J;y the predicted probability

by our classifier that sample i belongs to class 0. The probability that sample i belongs to class 1 is

Yi) = (1 = Jio)-
C.1.1.3 Negative log-likelihood

Negative log-likelihood is explained in more detail in Section 5.2.1.1. It is given by

NLL = = 3" 10g Pmodel (£, 6) = = > log . (C.7)

i=1

C.1.2 Optimization techniques

An optimizer updates the parameters of a machine learning classifier such that it enhances the classi-

fication performance.

C.1.2.1 Stochastic gradient descent

Gradient descent (GD) updates the weights of a network based on the average gradient of the loss

function over all samples in the training set (Mitchell, 1997). However, if the data set is large it can be
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relatively slow to find a local minimum, and if many of these local minima are present then it can be
difficult to get closer to the global minimum. Stochastic gradient descent (SGD) approximates this by
calculating gradient descent on only a subset of all samples (LeCun et al., 2015; Bottou et al., 2016).
This gives an estimate of the average gradient of the complete data set, hence the name stochastic in
gradient descent (Robbins & Monro, 1951). While GD updates the weights only after each complete
iteration over the data set, SGD computes it after each small subset of the training set. This allows
SGD to overcome the problems of GD. Namely, it is less computationally expensive per update, and
because it looks at a larger proportion of the parameter space it is more likely to find the global

minimum.

SGD takes m < N amount of samples to calculate the gradient, where N is the total amount of training
samples. The subset {d, .., d,,} is called a minibatch. The gradient is then given by (Goodfellow et al.,
2016)

1 m
8=~V Zl L(f(d,.6).y,) (C38)

The parameter update is then given by
0=0-ag (C.9

where « is the learning rate. Calculating the gradient over the total amount of samples is computa-
tionally inefficient if the objective function is not differentiable w.r.t its parameters (Kingma & Ba,
2014). Hence, SGD is especially valuable when the objective function is of stochastic nature, which
is the case in many machine learning algorithms. It further can handle sources of noise such as data
subsampling and dropout. Moreover, a small batch size can lead to a better generalization error and
thus acts as a type of regularization. A small batch size gives an unbiased estimator of the exact gra-
dient. This only holds for the first epoch, where samples are not yet repeated. After the first epoch,

the estimator becomes biased. This also holds for gradient descent with N samples.

Furthermore, the learning rate @ has to be decreased during learning when SGD is used, since the
estimator introduces some noise. In comparison, gradient descent with m = N can use a fixed learning
rate « since the true gradient is always obtained and thus g decreases when near a minimum with g = 0

at the extremum.

In order to speed up the convergence rate of gradient descent, a so-called momentum can be included.
It has the effect of taking the previous gradients into account. This helps to increase the step size
when the direction of the descent does not change, and decreases the step size when the sign of the

gradient changes.

The step size is largest when many successive gradients point towards the same direction.
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C.1.2.2 Adam optimizer

The Adam optimizer is part of a class of optimizers that use adaptive learning rates @ (Kingma &
Ba, 2014). Hence, a no longer is a hyperparameter. These algorithms calculate @ by scaling the

momentum inversely proportional to the previous values of the gradient.

The name Adam comes from adaptive moments. As the name suggests, in this algorithm first- and
second-order moments are estimated using the first-order gradient. The first moment corresponds to

the mean and the second moment to the uncentred variance of the gradient.

Initially, the first and second moment estimates are set to the zero vector. This results in a bias
towards zero especially in the first iteration steps and when the decay rates are small. Hence , the bias
is corrected for in both estimates.

The update rules at time step ¢ are given by

s = pis+(l-pg (C.10)
r = ppr+(l-p)gog (C.11)
s
S = (C.12)
1 -pf
r
f = (C.13)
1 - ph

where p;,p> € [0, 1) the exponential decay rates with typical values of 0.99. The first two lines are
the estimates for the first and second moment, and the last two lines are their bias corrections. One
can see that p/ (o) gets smaller as ¢ increases, and hence 1 — p{(1 — p)) gets bigger. Therefore, bias
correction is especially valuable where p;(p,) is small.

The parameters are then updated via

S
VE+6
0—eAb (C.15)

A6

(C.14)

S
Il

where 66 a small constant of order 10~® used for numerical stability. For most cases, the step size is

bounded by the learning rate, |Af| < €.

A small step size A indicates a greater uncertainty in the direction of the mean estimate of the gradi-
ent, which is wanted around an extremum point. Kingma & Ba (2014) call this automatic adjustment

of the step size a form of automatic annealing.
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C.2 Regularisation

In order to reduce the test error, one can introduce regularisation techniques. This avoids overfitting

the classifier while still performing well on the training set.

C.2.1 Weight decay

Regularisation in terms of weight decay tries to decrease the value of the weights of the machine
learning classifier/regressor (Loshchilov & Hutter, 2017). This is useful if we have a large amount of
features. Weight decay adds a regularisation term R to the loss function £, which then becomes the
cost function 7. Instead of optimizing the loss function as done previously, we now optimize the cost
function,

TG,y w) = L, y,w) + ARw), (C.16)

where w the weights that need to be optimized. A > 0 is a fixed user-defined value. If 4 = 0, then
no regularisation is applied and the cost function just becomes the loss function. If 4 > 0, then the
weights w are updated to become smaller. For 4 >> 0, the weights go to zero and hence no features
are used. This represents underfitting. Typically, one chooses A to be between 0 and 0.1 (Kuhn &
Johnson, 2013).

Overall, optimizing the cost function instead of the loss function now becomes a tradeoff between

optimising the training data and minimising the weights.

C.2.1.1 LI regularisation (Lasso regression)

L1 weight decay for N,, weights w is defined as the sum over the absolute values of the individual

weights,

Ny,
Rw) = W] Viwl = > Iwil = Iwl} (C.17)

L1 regularisation therefore is defined as the L' norm. This has the effect of setting small weights to
zero, which essentially gets rid of unimportant features. It also decreases the value of large weights

to not rely on a few features only, which further reduces overfitting.
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C.2.1.2 L2 regularisation (Ridge regression)

L2 weight decay for weights w is defined as the sum of the individual weights squared,
Nw
Row) =ww= > wi = [Iwll. (C.18)

For elements w; in the weight vector that are in the range 0 < |w;| < 1, squaring the element results
in a smaller value, ||w,-||§ < w;. On the other hand, weights larger than 1 will be transformed into a
larger value, ||wi|[3 > w;. Therefore, large weights will give a large regularisation term, which will
drastically increase the cost function. It will increase it even more than if we took the L! norm. These
weights will therefore be down-scaled by the optimizer. Small weights with absolute value below 1,
however, are more likely to stay small. Unlike the L1 regularisation, the L2 regularisation does not

completely get rid of less important features.

One can see that the maximum a posteriori estimation from Section 4.4.2 with a Gaussian prior on

the parameters corresponds to L, regularisation (Goodfellow et al., 2016).

Note that even though this is called L2 regularisation, it does not correspond to the L?> norm. The
L? norm corresponds to the Euclidian distance, and is the square root of the L2 regularisation. The
Euclidian distance is defined as the smallest distance between two points, therefore ||w||, < ||w||§ and
[wll, < ||w||%.ThUS, the L2 norm is always smaller or equal to the L' norm and to the L2 regularisation.
The L2 regularisation, however, is only smaller than the L1 regularisation forw; < 1,Vi € {1,...,N,},

where N,, the number of weights of the classifier.

C.2.2 Early stopping

As we have seen in Section 5.3, there is an optimal capacity that represents the sweet spot between
underfitting and overfitting. Typically, we look at such a graph after training. The idea behind early
stopping is to analyse the training and generalisation loss after each epoch and stop once the general-

1sation error starts to increase.

C.2.3 Regularisation specific for neural networks

Neural networks are explained in Section 5.6. Convolutional neural networks are explained in more
detail in Section 5.7. It is advised to first read through the introductions of both classifiers before

continuing to read these regularisation techniques.
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C.2.3.1 Dropout

In a neural network or a fully connected layer of a CNN, one temporarily discards each neuron at a
given layer with a certain probability at each step during training (Srivastava et al., 2014; Hinton et al.,
2012; Goodfellow et al., 2013). This is called dropout, as one drops out neurons from the network.
This is done to ensure that there is not one single neuron that decides the overall result of the network.
Rather, we want to build some robustness to the network. This means that each neuron detects at least

one useful feature.

For instance, if you want to detect faces and one neuron has developed a feature to find noses, then this
feature alone might give a good accuracy in finding faces. However, if this neuron is removed from
the network then the accuracy will drop drastically. Therefore, by randomly removing neurons from
the classifier at each layer, the network forces the other neurons to find other features in a face such
as eyes, mouth or ears. Together these feature detections will be far more accurate than a detection of

noses alone.

If our goal is to make a classifier that distinguishes dogs from cats based on image data, then we
want to have several neurons that can detect each feature. This makes the network more reliable.
For example, we want to have several neurons that can detect a snout, and several neurons that are
activated if eyes are present. If we only rely on one neuron for all of that, chances are that when
this neuron fails or makes a bad prediction then it will drastically decrease the performance of our

estimator. Note that dropout is not applied anymore after training is complete.

For hidden layers, a good choice of probability is 0.5. For the input layer, it is better to use a value

close to 1 (Srivastava et al., 2014).

C.2.3.2 Batch normalization

The problem of deep networks with many layers is that the input of each layer depends on the output
of the previous layer. That is, at each hidden layer of such a deep network, the inputs to that layer
depend on the weights and input of the previous layer. Now during training the weights are constantly
adapted such that the input distribution of each layer changes constantly (Ioffe & Szegedy, 2015).
Therefore, any small change in one layer affects all layers that come after that. This slows down

training as e.g. one has to use small learning rates.

The solution to this is batch normalisation, which essentially normalises the inputs of each layer. This
allows us to use larger learning rates and generally speeds up training. If we think about it this makes
sense, since one usually normalises or scales the training data for a classifier or regressor. One can
think of a layer in a deep network as an individual classifier/regressor, and hence it makes sense that

the input is normalised for each of them.
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C.3 Dimensionality reduction

The goal of dimensionality reduction is to de-correlate the data and to project it to lower dimensions.
The training data are often assumed to be independent and identically distributed. If we take the
example of the maximum likelihood as described in Section 5.2.1, we use the i.i.d. assumption to
obtain 6,,; as a function of the product of the individual probabilities P(d;, §), which is far easier
to compute than if the samples d were dependent or not identically distributed. However, this i.i.d.
assumption is often wrong and we have to find a way to de-correlate the input data such that the i.i.d.
assumption holds again. This can be done by either getting rid of redundant information or by finding

a transformation into a new space in which the dataset is uncorrelated.

C.3.1 Curse of dimensionality

The more features we have, the more ways of configuring the feature vectors. In general, if we have d
dimensions where each feature dimension can have v distinct values, then one has O(v¢) possible ways
of assembling that feature vector. So if we had 10 dimensions with 20 values each, we would have
10% configurations. At 40 dimensions with 10 possible values each, we receive 10*’ configurations.
In order to build a strong classifier, one needs at least as many training samples as configurations. If
this is not the case, we are left with sparse data, with which it is much more difficult to make accurate
predictions on a new unseen sample. With sparse data it further becomes more difficult to separate
samples into groups in a meaningful way. This is called the curse of dimensionality. We therefore

need a way to reduce the dimension of the feature vectors.

C.3.2 PCA: Principal Component Analysis

Principal component analysis (PCA) is a linear orthogonal transformation that de-correlates any lin-
ear relationship between the dataset (Jolliffe, 1986). The input space is rotated such that it aligns with
the principal axes of variance. These principal axes of variance then consist of the new basis vectors.
PCA thus finds a linear combination of features with the highest variance. These features of highest
variance are called principal components. After applying PCA, the input data has no linear relation-
ship. Note that PCA cannot remove non-linear relationships. PCA 1is also used for dimensionality
reduction (Goodfellow et al., 2016). It can be used to reduce noise and filter out the signal. Note
that this is only true if the dimension of the new basis vectors is less than that for the original space,

otherwise no data reduction occurs.

Let the data points {x, ..., X,} € R" be compressed to vectors {¢y,...,¢,} € R/, where we want [ < n.

The goal is to find a decoding function that approximates the original data from the compressed point
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(Goodfellow et al., 2016),

fx)=¢ (C.19)
X~ g(f(x) (€.20)

That is, suppose we have an encoding function f that transforms data points x from the original data
space to the compressed point ¢. We want to find a decoding function that approximates the inverse

function of f. Let us use a linear mapping which can be represented via
g(c)=Dec, De R™ (C.21)

where we require the columns of D to be orthogonal to each other and to have unit norm. The optimal
compressed point ¢* will be the point that, after decoding it via the function g, will have the smallest

distance to the original point x as measured via the squared L? norm,

¢* = argmin ||x — g(c)|3 (C.22)

c

By the definition of the L2 norm, the distributive property and by x” g(c) = g(¢)”x, one arrives at
¢" = argminx’ x — 2x” g(c) + g(¢)” g(c) (C.23)
c
Now, only considering the terms that depend on ¢ and inserting equation (C.21), one retrieves

¢* = argmin -2x"Dc + ¢’c, (C.24)

C

where we used that DD = I,. This can be solved by taking the gradient w.r.t. ¢,

V. (—2xTDc+cTc) 0 (C.25)
=c¢ = D'x (C.26)

This shows that the encoding function is represented via the transpose of the decoding matrix D.
Therefore,
x ~ r(x) = g(f(x)) = DD"x (C.27)

Now we know the best encoding function to our decoding function g, we want to know the best

encoding matrix D. This can be done by minimizing the Frobenius norm of elements {x{ - r(x{ )ij-

D" = argmin |[X — DD”X|%, with D'D =1, (C.28)
D

where X € R™" the matrix of data points {x;}. Notice that while DD = I, the identity matrix of
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dimension / X [, DD” € R™" a matrix of dimension m X m. This is solved in the following,

D’ = argmin T (X - DDTX)T (x-DD'X) | (C.29)
D
= argmin Tr[ - X'DD’X + X’DD'DD’X + X'X - XTDDTX}C.30)
D
D'D=1, argmin ~T+[X"DD"X| (C.31)
D
Tr[ABC]:Tr[I;CA]:Tr[CAB] argmax TI"[DTXXTD:I (C32)
D
(C.33)

This looks as if we can apply Eigendecomposition of the form A = QAQT. Here,

A = D'XX'D* (C.34)
s D'A = XX'D* (C.35)
s D'ADT = XX’ (C.36)

and hence D* are the Eigenvectors of XX that corresponds to the largest Eigenvalues.

C.3.3 Non-linear PCA: Kernel trick

Linear PCA cannot remove non-linear relationships between the data. Instead, one can make use of
the ‘kernal trick’ to try to remove non-linearities. The idea behind the kernel trick is that by adding
extra dimensions one can (sometimes) make the dataset linear. This is done by applying a kernel
function to the input which, if successful, will make the data linear in the transformed space. In
this new space linear PCA can then be applied to find the eigenvectors corresponding to the largest

eigenvalues of the transformed data.

C.3.3.1 Kernel function

The Kernel function k acts on two data points and outputs a single transformed variable that is a

function of those two inputs. It is defined as

k:XxX — Y (C.37)
W, v) +— ¢) - (v), (C.38)

where u, v vectors of the input space X, and ¢ a transformation to a new space Y, ¢ : X — Y.
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Radial basis function The radial basis function (RBF) is defined as a Gaussian distribution,

2072

_ 2
k(a,v) = exp (_llu V||2),

where ||.||§ the L? norm, |ju — vllg the Euclidian distance between u and v, and o the standard deviation.

This gives a maximum at u = v, as then the Euclidian distance is equal to zero.

C.3.3.2 Example: Elliptical to linear plane

Let us take an example of an ellipse in R2. This can be written as ax® + bxy + cy* + d = 0, which is

not linear. However, we can make it linear by using a polynomial kernel,

k(x,y) = (%, xy,¥) = (21,22, 23) (C.39)

Plugging this into our ellipse equation, we receive az; + bz, + cz3 + d = 0, which is indeed linear and
corresponds to a plane in R¥. We have pre-processed our non-linear data by applying a polynomial

kernel function, from which we obtained a linear model on a new space.

C.4 Backpropagation in artificial neural networks

Let us go through the algorithm step by step. First, we want to calculate the gradient of J w.r.t. the
output a; (Goodfellow et al., 2016),

VaZJ = VhlJQ V[’ (31) (C40)

The first term Vy,,J explains how fast the cost function J is changing w.r.t. the output h; of layer / of
the activation function. The second term, v," (a;), corresponds to the change in the activation function
v; of layer [ w.r.t. the output of the same layer. The symbol © is called the Hadamard product, which
represents elementwise multiplication. If J does not depend a lot on the output of layer /, then Vy, J
will be small. In the case for ReLLU as the output function, v,” (a;) will be constant (equal to 1) for

a; > 0 and zero otherwise.

Next, from this and equation (5.23) we can calculate the gradient w.r.t the network parameters W, and
by,

Oa, [%=1]
Vid = Val S+ AV Q0) = Vad + AV, Q0) (C.41)
!

83[ [%:hlilT] T
Vwd = Vol s £ Vw00 = Vo b + AV Q6) (C.42)
l
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Here we have used the chain rule that can be applied to any vector z that is a function of a,,

;
V,J =V, J 22 (C.43)
0z

Finally, the gradient of J w.r.t. the activation output h,_; of the layer above can be calculated via

0a [Ol%llzw’]
Vo J =Vl =— = W/ V,J (C.44)
oh

This allows us to iteratively go through the network. The gradient corresponding to the output of the

last layer x,, for an input image set d,, is given by

Vi, J = Vi, J = Vy, (—log P(y = i,[Xy)) (C.45)

Now let us summarize all the steps from above. Consider the case where J = L, i.e. 4 = 0. The

backpropagation algorithm is then given by

Vi=D,.,1: (C.46)
1) VoJ =VyJov/ (a) (C.47)
2.) Vi J=V,J (C.48)
3) VwJ=VyJh " (C.49)
4) Vo, J =WV, J (C.50)

The implementation of backpropagation follows in such a way that any gradient is calculated only
once and then stored in a table for quick access. This is very efficient as a node within the net-
work typically has multiple parents which in return are parents for many nodes. For example, take
uM, .., u™ to be the outputs of nodes in a network, where u™) the last output node. The derivative of

u™) w.r.t some other node u'” is given by

ou™ Z ou™ ouh

o oD Ou®

i: je Parent(u®)

(C.51)

ouv)
ou®

multiple times if node i has multiple parents. This is were backpropagation comes in. The partial

™
Ou®

As can be seen, for j = 1,..,N and i : j € Parent(u"”), the partial derivative will be calculated

derivatives are stored in a table such that they can be accessed if needed for a calculation.
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