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Principled Bayesian Modeling and Statistical Learning
with Non-Representative Data in Astrophysics

ABSTRACT

This thesis tackles the fundamental issue of non-representative data in as-
trophysics via the development and application of methodology within the
areas of statistical machine learning, Bayesian statistics and causal inference;
to efficiently handle big data, to allow for probabilistic and principled pa-
rameter estimation with proper uncertainty quantification, and to deal with
systematic uncertainties and biases in the data collection process. To enable
(a) statistically principled, (b) scientifically justified, and (c¢) computation-
ally efficient analysis of non-representative, complex astrophysical data, this
thesis provides novel general-purpose statistical methodology, and statisti-
cal methodology tailored to topical scientific problems, in cosmology and

high-energy astrophysics, as grouped into three related projects hereafter:

(i) We propose a simple, statistically principled, and theoretically justified
general-purpose method, StratLearn, to improve supervised learning when
the training set is not representative, a situation known as covariate shift.
Building upon a well-established methodology in causal inference, we show
that the effects of covariate shift can be reduced or eliminated by conditioning
on propensity scores. We demonstrate that fitting learners within strata
constructed on the estimated propensity scores improves upon state-of-the-
art importance weighting methods on two topical scientific tasks — conditional
density estimation of galaxy redshift (photo-z), and photometric supernovae

type Ia (SNla) classification.

(i) We improve weak lensing photo-z calibration via Bayesian hierarchi-
cal modeling of full galaxy photo-z conditional density estimates obtained

within StratLearn. We substantially improve the galaxy tomographic bin as-
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signment, and obtain almost unbiased estimates of target population means
within tomographic bins.

(iii) We propose a science-driven hierarchical Bayesian framework to estimate
the galaxy luminosity distribution in X-rays, combining non-representative
X-ray and optical surveys. Our proposed framework accounts for incom-
pleteness bias by incorporating an X-ray incompleteness function (estimated
from simulations) and an optical incompleteness function (with parameters
learned from the observed data) into the model. This allows for improved
recovery of the luminosity function even with high proportions of system-

atic incompleteness, evaluated on simulations, and applied to data from the
Chandra Deep Field South (CDFS).

Professor David A. van Dyk at Imperial College London was my primary
supervisor, I also worked closely, with weekly meetings, with my second su-
pervisors Professor Roberto Trotta at the International School for Advanced
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s1ty.
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INTRODUCTION

1.1 MOTIVATION AND OVERVIEW

1.1.1 ASTROSTATISTICS

Striking technological advances in space-based and earth-based instrumen-
tation and extensive new surveys enormously increase the quantity, quality,
and complexity of data available in astrophysics. A comprehensive analysis
of these intricate “big-data” resources offers scientists exciting opportunities
to gain a deeper understanding of the structure and evolution of astronomical
sources and phenomena, and ultimately, the underlying physical mechanisms

of the universe.

Scientists wishing to analyse the astronomical observations available via the
enormous (present and upcoming) catalogues face major challenges, given
the intricacies of the available data, and the complexity of the scientific
questions. Astronomical data is collected across the electromagnetic spec-
trum, leading to multi-domain measurements such as spectrography, time
series and imaging, which commonly leads to multi-dimensional data, char-

acterized by heteroscedastic measurement errors. With the universe being



evolving, astronomical observations cannot be repeated under identical con-
ditions. In addition, when making observations, we are physically limited
to space measurements from earth (or from space close to earth), and we
cannot travel across the universe to acquire data. We thus cannot assume
to obtain observations that are representative for their population, or the
universe. On the contrary, scientists have to account for systematic biases in

the data acquisition when analysing astronomical data sources.

Given the intricate nature of astronomical observations and the complexity of
the scientific problems, an efficient and scientifically-justified analysis of the
large new data sources presents significant statistical challenges and requires

the development of novel, objective and principled statistical methodology.

Astrostatistics is the scientific discipline in the interweaving of astrophysics
and statistics. An aim of astrostatistical research is to provide statistically
principled and scientifically justified methodology tailored to the specific as-
trophysical problem at hand, to allow an accurate and objective interpre-
tation of the underlying scientific phenomena. Moreover, motivated by the
complex problems and observations in astrophysics, astrostatistics allows ex-
citing opportunities to develop novel general-purpose statistical methodology
with potential applications and implications to many other scientific fields,

extending the boundaries of statistical thinking.

1.1.2 LARGE AND NON-REPRESENTATIVE DATA — PROSPECTS AND CHAL-
LENGES IN ASTROPHYSICS

The vast amount of data available via present and upcoming large-scale sky
surveys paves the way for unprecedented precision and accuracy in the esti-
mation of astrophysical model parameters, with the potential of fundamen-
tally changing the way we understand the universe. To provide an example,
the Vera C. Rubin Observatory (formerly referred to as Large Synoptic Sur-
vey Telescope (Abell et al., 2009)), with its 10-year Legacy Survey of Space
and Time (LSST), one of several upcoming large astronomical surveys, is fore-
cast to image several billions of astronomical objects over the next 10 years,

delivering around 500 petabyte of images and data products (Ivezi¢ et al.,



2019). This will drastically increase the size of astronomical objects/data
available for scientific analysis. To put this into some perspective, around
1000 supernova type Ia (a type of exploding star of high scientific interest,
as detailed in Chapter 2) have been confirmed up to this date. Via LSST the
number of prospective SNIa is expected to raise up to ~10°. The availability
of such large data allows minimization of statistical errors, enabling precise

estimation of (astrophysical) parameters of interest.

However, with decreasing statistical errors, careful consideration of system-
atic errors becomes indispensable. For instance, ignoring non-representative-
ness of the selected (observed) data, or neglecting systematic measurement
errors might lead to strongly biased parameter estimates, which would sys-
tematically mislead our understanding of the universe. We note that through-
out this thesis, we refer to “non-representative” data, as the general case
where observed data is not a random sample of the underlying population of

interest.

While large data allows minimization of statistical errors, it does not mitigate
systematic effects introduced via non-representative data. On the contrary,
large data might aggravate problems arising through non-representative data.
In Figure 1.1, we sketch the potential (negative) effects of non-represent-
ative data on parameter inference. In the left panel of Figure 1.1, we first
sketch the 2-dimensional parameter estimate (region within the colored ovals,
being some area of where the model “suspects” the true value) for three
hypothetical models, given a small non-representative data set. All three
model estimates have relatively large estimation uncertainties (illustrated
via the large oval regions). While not centered at the “true” value (we
use quotation marks to emphasize that this is a made up sketch without
any meaningful true value), all model estimates include the “truth” due to
the large estimation uncertainty. On the right panel, we sketch the same
scenario but assuming large non-representative data for the analysis, leading
to substantially more precise model estimates with lower uncertainty (small

oval areas).

The sketch illustrates various problems associated to the (large) non-represent-

ative data based estimates. Due to decreased statistical errors (smaller oval



areas) the model estimates do not cover the truth, and in fact, do not over-
lap anymore. One might thus trust estimates that are very confident (small
uncertainty) but wrong. In addition, given the results in the right panel
of Figure 1.1 one might mistakenly question if the discrepancy between the
various model estimates is due to some (new) physical phenomena, instead
of systematic errors. In practice, different modeling approaches are usually
accompanied by various model assumptions and/or rely on different data
(illustrated via the different locations of the model estimates). Model mis-
specifications (e.g. due to simplifications) can further aggravate the effect
of non-representative data (e.g. Shimodaira (2000), Karchev et al. (2023)),
thus increasing the discrepancy of various model estimates. In summary,
non-representatives of the observations needs careful treatment in order to
obtain accurate parameter inference in small data cases, and particularly in

large data scenarios.

Sketch: Small, non-representative data Sketch: Large, non-representative data
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Figure 1.1: Sketch to illustrate potential effects of non-representative data on parameter

inference given a small data set (left panel) vs. large data (right panel).

Non-representative data is a fundamental issue in astrophysics. There is
strong selection bias in the acquisition/identification of astronomical ob-
jects. More precisely, brighter and close-by objects are more likely to be
observed in astronomical surveys, commonly referred to as Malmquist bias
(Malmquist, 1920). For instance, faint objects are only observed if they

are in close proximity to earth, whereas very bright objects can be detected
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from far distances, leading to an under-representation in the prevalence of
faint sources in the observed sample compared to the underlying population.
Another common source of bias is due to statistical fluctuations in measure-
ments. More precisely, a set of objects with identical luminosities will lead
to various luminosity measurements on the detector due to measurement er-
rors (and potentially other effects). If such a scatter is close to a sensitivity
limit of the detector, then only objects with measured luminosities above
the sensitivity threshold will be detected, leading to a biased sample. This
is a prevalent issue in astronomy and commonly known as Eddington bias
(Teerikorpi, 2004). Such biases are often convoluted with additional external
and detector (systematic) effects, such as weather, humidity, camera or filter

imperfections, pile-up, galactic dust, etc.

The large surveys are accompanied by additional challenges. For instance,
the types of astronomical objects observed via LSST are not directly iden-
tified. More precisely, most object types are obtained via automated clas-
sification based on some previously obtained training data (we provide de-
tails in Chapter 2). Again, the given training data is subject to bias and
is non-representative for the majority of objects that need to be classified,
potentially leading to systematic uncertainties in the identified types of the
astronomical objects. Automatic classification methods need to account for

the non-representativeness to obtain reliable predictions of the object types.

These, and other systematic effects need to be carefully considered and prop-
agated through a proper statistical analysis in order to obtain accurate and

precise inference on the parameters of interest.

1.2 THESIS STRUCTURE AND CONTRIBUTIONS

In this research, we tackle the fundamental issue of non-representative data in
astrophysics via the development and application of methodology within the
areas of statistical machine learning, Bayesian statistics and causal inference,
and their combination. Statistical machine learning methods are efficient
tools to handle big data. Causal inference deals with systematic uncertainties

and biases in the data collection process, and to mitigate bias in parameter



estimation. Employing Bayesian methodology allows for probabilistic and
principled parameter estimation with proper uncertainty quantification. To
enable (i) statistically principled, (ii) scientifically justified, and (iii) com-
putationally efficient analysis of non-representative, complex astrophysical
data, this thesis provides novel general-purpose statistical methodology, and
statistical methodology tailored to topical scientific problems, particularly
in cosmology and high-energy astrophysics, as grouped into three related

projects hereafter:

In this first project, we propose a simple, statistically principled, and theo-
retically justified method to improve supervised learning when the training
set is not representative, a situation known as covariate shift. We build upon
a well-established methodology in causal inference (Rosenbaum and Rubin,
1983), and show that the effects of covariate shift can be reduced or elimi-
nated by conditioning on propensity scores. In practice, this is achieved by
fitting learners within strata constructed by partitioning the data based on
the estimated propensity scores, leading to approximately balanced covari-
ates and much-improved target prediction. We demonstrate the effectiveness
of our general-purpose method, which we name StratLearn, on toy examples
and on two contemporary research questions in cosmology. Outperforming
state-of-the-art importance weighting methods, we improve upon existing
conditional density estimation of galaxy redshift (photo-z) from Sloan Data
Sky Survey (SDSS) data (Sheldon et al., 2012, Izbicki et al., 2017), and we
obtain the best reported AUC (0.958) on the updated “Supernovae photo-

metric classification challenge” (Kessler et al., 2010a).

In the second project, we improve photometric redshift calibration for cos-
mic shear analyses. Discrepancies between cosmological parameter estimates
from cosmic shear surveys (e.g., Hildebrandt et al. 2020, Troxel et al. 2018,
Hikage et al. 2019) and from the recent Planck cosmic microwave back-
ground (CMB; Miville-Deschénes et al. 2020) measurements might challenge
the highly successful ACDM model in describing the nature of the universe.
To rule out systematic biases in cosmic shear survey analysis accurate red-
shift calibration within tomographic bins is key. In this project, we improve

photo-z calibration via Bayesian hierarchical modeling of full galaxy photo-z



conditional densities. To account for systematic differences in the distri-
bution of the spectroscopic training/source set and the photometric target
set, we employ our novel methodology StratLearn to obtain estimates of the
galaxy (object level) photo-z conditional densities. Using realistic simula-
tions that were designed to resemble the KiDS+VIKING-450 dataset (Wright
et al., 2019, 2020, Hildebrandt et al., 2020), we show that StratLearn esti-
mated conditional densities allow improvement of the galaxy tomographic bin
assignment. Given the improved bin assignment, our StratLearn-Bayesian
framework leads to nearly unbiased estimates of the target population means,
improving upon previously best photo-z calibration methods (Wright et al.,
2020).

In the final project, we study the luminosity function, which specifies the
distribution of source intensities in a population, providing information re-
garding the intrinsic characteristics of a class of astronomical objects and
their cosmological evolution. In this project, we propose a science-driven
hierarchical Bayesian framework to estimate the galaxy luminosity function
in X-rays (via a broken power law model, formulated as a mixture of two
Pareto distributions), combining non-representative X-ray and optical sur-
veys. The astronomical surveys generally suffer from incompleteness in the
low-intensity end, necessitating the application of incompleteness corrections
generally estimated from simulations (Wright et al., 2015, Stampoulis, 2017).
While this has been studied in a single band, we introduce a methodology for
the application of incompleteness corrections for samples selected in two (or
more) bands (e.g. combining data from optical and X-ray surveys of galax-
ies). We account for this incompleteness bias by incorporating an X-ray
incompleteness function (estimated from simulations (Wright et al., 2015))
and an optical incompleteness function (with parameters learned from the
observed data) into the model. For sources detected in X-ray and optical,
we leverage the more precise optical data to estimate X-ray intensities at the
location of the optical source, using a Poisson model to adjust for background
contamination. The hierarchical model is fit via a Gibbs sampler. We eval-
uate our model on realistic simulations, mimicking data from the Chandra

Deep Field Catalogue, and demonstrate unbiased recovery of the luminosity



function even with high proportions of systematic incompleteness. We apply
our novel method to data from the Chandra Deep Field South (CDFS).

The remainder of this thesis is structured as follows. In Section 1.3, we pro-
vide an overview of basic statistical concepts employed and build upon in
this research. In Chapter 2, we introduce our novel general-purpose method,
StratLearn, for principled statistical learning under covariate shift. In Chap-
ter 3, we discuss the application of StratLearn in combination with a hier-
archical Bayesian model to improve photo-z calibration for weak lensing via
full galaxy photo-z conditional density estimates. In Chapter 4, we introduce
our novel framework to estimate galaxy luminosity distributions in X-rays
via incomplete X-ray and optical survey data. Finally, in Chapter 5, we
provide a discussion of the research conducted in this thesis, stating con-
clusions, limitations, and an outlook of future work. We provide additional
details complementing the work presented in Chapters 2-4 via Appendices
A-C at the end of this thesis (references to the respective appendices appear
with prepended ‘A’-‘C’).

1.3 STATISTICAL BACKGROUND

In this section, we provide a brief overview of the basic statistical concepts on
which our research is build upon. Specifically, in Section 1.3.1, we introduce
Bayesian hierarchical modeling, with Markov Chain Monte Carlo (MCMC)
methods applied for Bayesian models introduced in Section 1.3.2. In Sec-
tion 1.3.3, we provide a brief introduction to supervised statistical machine
learning, concluding with an overview of propensity score methods in causal

inference in Section 1.3.4.

1.3.1 BAYESIAN HIERARCHICAL MODELS

OVERVIEW — BAYESIAN DATA ANALYSIS: Bayesian methods provide pow-
erful and versatile tools for principled and accurate statistical inference with
proper uncertainty quantification and propagation. In Bayesian data analysis

inference about an unobserved parameter 6 is made in terms of probability



statements. More precisely, we make inference about an unknown param-
eter 6 via the posterior distribution p(8|y), conditioning on the observed
values/data y. A first step in Bayesian data analysis is to set up a full proba-
bility model, expressed as the joint probability distribution of the unobserved
quantities 8 and the observed quantities y. The joint distribution of § and y

can be written via

p(6,y) =p(|0)p(6). (1.1)

Specifying a full probability model can thus be divided into (i) specifying the
sampling distribution p(y|6), and (ii) specifying a prior distribution p(6). We
obtain the posterior distribution p(8|y) via Bayes’ theorem (the fundamental

building block in Bayesian analysis), precisely

p(y0)p(0)

o) p(y|0)p(6), (1.2)

p(6ly) =
where the denominator p(y) (in the astronomy literature often called the
“evidence”) does not depend on the parameter § and can thus be dropped
as a normalizing constant. The sampling distribution is commonly referred
to as likelihood function £, with £(68|y) = p(y|0). A fundamental princi-
ple in Bayesian statistics is that uncertainties are measured via probability
distributions (Gelman et al., 1995). Via (1.2) data-appropriate models can
be incorporated to accurately quantify uncertainties in scientific problems
in a mathematically rigorous framework, following basic rules of probability
theory. In addition, Bayesian analysis strongly facilitates the specification
and interpretation of complex statistical models via the introduction of an

hierarchical model framework as summarized below.

HIERARCHICAL MODELS: It is common in statistical applications with mul-
tiple parameters that sets of parameters are connected in some manner. In
Bayesian analysis such connections can conveniently be modeled by introduc-
ing multiple model levels, referred to as a hierarchical model. For instance,
the observed outcomes might be conditioned on parameters which themselves

follow a common population distribution specified by additional parameters,



often referred to as hyperparameters (Gelman et al., 1995). Employing hi-
erarchical structures has several key advantages. Non-hierarchical models
mostly do not fit complex hierarchical data well. With few parameters they
might not capture the full structure of the data, leading to an inaccurate
fit of the data, and with too many parameters they tend to ‘overfit’ the
given data, such that they fit the provided data ‘too well’, e.g. by cap-
turing statistical noise as part of the model, which typically leads to poor
generalization/predictions on new data and inaccurate parameter estimates.
Hierarchical models avoid overfitting with large sets of parameters by in-
corporating population distributions which introduce dependencies into the
parameters, thus preventing from overfitting. It is common for many hier-
archical model applications that the number of model parameters is larger

than the number of observed data samples.

To introduce the hierarchical model structure more formally, we split the
parameter set 6 = (¥, ¢), into parameters ¢ describing the population, and
Y being considered the object-level parameters. For instance, one could
consider the case of observing data y = (y1,..., y,), with n being the number
of observations, and object-level parameters ¥ = (Y1,...,¥,), where each
observed outcome y; depends on an object-level parameter y;, with j =
1,...,n, and in turn, the object-level parameters ¢ = (¥1,...,¥,) share a

common population distribution parameterized by ¢.

The joint prior on ¥, ¢ is given via
p(0)=pW.¢)=pWld)p(), (1.3)

and the joint posterior distribution of ¢, ¢ given y is provided via

pW, ly) <p(ylv, o) p(¥lp)p(#) (1.4)
=p(yIW)p(W|e)p(9). (1.5)

where latter holds due to the conditional independence of y and ¢ given y,
that is, the parameters (hyperparameters) ¢ affect the observed data y only

through the object-level parameters . Hierarchical models are thus specified
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via a series of conditional distributions, breaking down the complexity of a
model into several levels of simplified structures. This allows the introduc-
tion and interpretation of science-driven models via the different levels, and
the combination of multiple sources of knowledge/information. For instance,
in (1.4) one could model measurement errors/uncertainties on the observed
data y = (y1,...,yn) via p(y|¥), given the latent object-level parameters
v = (W1,....¢,) (e.g., considering ¥ = (¥1,...,¥,) to be the latent, true
values of y = (y1,...,y,) without errors), then p(¥|¢) allows specification
of a population distribution on the latent ¥ = (¥1,...,¥,) without inter-
ference of any measurement errors on this second level, lastly on the third
level, a prior distribution on the population distribution parameter needs to
be introduced (which for instance could incorporate prior/expert knowledge
about the population). We note that, as a central feature of hierarchical
models, the observed data y; can be employed to estimate (parts of) the
population distribution of the ¥, without actually observing values for v
(Gelman et al., 1995).

In many cases, we are not much interested in the distribution of each in-
dividual object-level parameter ¢ ;, but we are interested in the parameters
¢ describing the population distribution. More generally, the model might
include so-called nuisance parameters, that are important for the structure
of the model, but there is no inferential interest regarding these parameters.
In this case, the marginal posterior distribution of the parameters of interest

¢ can be obtained by integrating (marginalising) over ¢, that is

p(8ly) = () / (1) PGl dw. (16)

Via the multiple hierarchy levels (e.g. the population distribution), hierar-
chical models pool information across objects. It is also said that the model
“borrows strength”, inasmuch as the posterior distribution of an object-level
parameter ¢; does not only depend on the observation y;, but also incorpo-
rates information of the other observations via the population distribution of
the object level parameters, leading to more precise object-level parameter es-

timates. More technically, such pooling of information is called “shrinkage”,
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with object-level parameter estimates being shrunk towards some popula-
tion center. Such shrinkage has first been introduced via the James-Stein
estimator, which has been shown to make the ordinary maximum likelihood
estimator (MLE) inadmissible for n > 2 (James et al., 1961, Efron and Mor-
ris, 1973, 1975); that is, the shrinkage estimator is uniformly better in terms
of mean squared error (or similar measures of discrepancy) than the MLE
(which does not include population level, but only object level information)
on the object-level parameter estimates. Via the multiple levels, Bayesian
hierarchical models automatically induce shrinkage, as with the James-Stein
estimator, however depending on the specifications of the prior distributions
(Efron and Morris, 1977). Specifying “reasonable” prior distributions is thus

a key part of (hierarchical) Bayesian analysis.

PRIOR SPECIFICATION: Specifying appropriate prior distributions is key in
proper Bayesian analysis. Depending on the choice of priors one could in-
terpret the Bayesian method to be either “objective” of “subjective”. More
precisely, one can consider different interpretations of the prior specification,
which following Stenning and van Dyk (2018a) can be divided into three
categories: (i) a population interpretation, with the prior distribution de-
scribing a population distribution shared by several parameters in the model
(e.g., common for hierarchical model structures); (ii) interpretation of a state
of knowledge, where the prior distribution incorporates subjective informa-
tion, e.g. obtained via previous expert knowledge about the problem, or via
ancillary scientific studies; (iii) interpretation of a lack of knowledge, e.g.
corresponding to a flat prior with large variance characterizing “no prior

information”.

One option for an “objective” Bayesian analysis with “non-informative” prior
is the implementation of reference priors, which under a given likelihood aim
to maximize some measure of divergence between the prior and posterior
distribution, e.g. to minimize information carried through the prior, or to
optimize certain statistical properties of the posterior. Another choice of
“non-informative” prior is using a flat (e.g. uniform) distribution that aims

to minimise its influence on the statistical inference. However, such choices
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of flat “non-informative” priors depend on the parametrization of the model.
Jeffreys’ invariance principle thus suggests a prior distribution that is non-
informative and invariant to parameter transformations. Employing subjec-
tive priors provides a chance to incorporate expert knowledge into the model,

which for instance might not directly be encoded in the data.

Particularly due to the specification of prior distributions, Bayesian methods
are often labelled as subjective statistical methods. However, we note that
any statistical approach is subjective, as being an idealization of the reality.
Any model choice and evaluation, as well as data collection/choice, underlies
the subjectivity of the statistical practitioner. We thus refer to both, “objec-
tive” and “subjective” analysis in quotation marks. In Bayesian statistics,
the specification of prior distributions might add an additional level of sub-
jectivity, with the trade-off, that after specification of the likelihood and the
prior everything follows from basic probability theory (which, e.g. allows
direct interpretation of probability intervals as opposed to frequentist con-
fidence intervals). We refer to Gelman et al. (1995) and Stenning and van
Dyk (2018a) for further discussion.

Bayesian hierarchical models have successfully been employed for a variety
of applications in astrophysics, e.g. deriving redshift distributions of galax-
ies from photometric surveys (Leistedt et al., 2016), inferring cosmological
parameters from cosmic shear data (Alsing et al., 2017), or from supernovae
catalogues (Shariff et al., 2016), examining the solar cycle (Yu et al., 2012), or
modeling globular clusters with multiple populations (Stenning et al., 2016),

among many others.

1.3.2 MARKOV CHAIN MONTE CARLO METHODS

One challenge in Bayesian analysis is that the posterior distribution is in
most cases too complex to be computed analytically. Much work has been
done to numerically obtain samples from the posterior distribution instead,
which allows summary statistics of the posterior distributions such as the
mean, variance, percentiles, or histograms of the marginal posteriors. In

many cases, with complicated multi-parameter posteriors, sampling directly
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from the posterior distribution is not straightforward. In such cases Markov
Chain Monte Carlo (MCMC) methods have proven to be highly beneficial,

and pivotal in the development of Bayesian statistics.

Aim of MCMC methods is to produce a dependent Monte Carlo sample via a
Markov chain that converges to a unique stationary distribution, coinciding
with the posterior distribution. More precisely, a Markov chain is a se-
quence of random variables 00 g 9@ with Markov property, that is
p(0W]9=D gt=2) 9Oy = p(e"]6¢~1) which means the distribution of
a value at state r only depends on the value in state t—1, but not on any pre-
vious values. A stationary distribution of a Markov chain is any distribution
f () with the property

f(H(I)) :/p(H(Z)|9([_1))f(9(t_1))d9(t_1)- (1.7)

While not all Markov chains have a stationary distribution, under certain
conditions, one can construct a Markov chain with unique stationary distri-
bution being the target posterior distribution. The distribution of ) then
converges to the posterior distribution with increasing iterations t. We re-
fer to Stenning and van Dyk (2018b) for a summary, and to Brooks et al.
(2011) for additional details. For the scope of this thesis, we particularly con-
sider two MCMC-type algorithms, the Metropolis-Hastings algorithm and

the Gibbs sampler, as discussed below.

METROPOLIS-HASTINGS: The Metropolis-Hastings algorithm is a simple
MCMC algorithm that produces samples which converge to the (one or higher
dimensional) target posterior distribution, taking advantage of jumping-rule
distributions (also referred to as proposal distributions or transition kernels)
and the computation of rejection/acceptance rates to determine the value of
subsequent states/iterations (introduced and further developed by Metropo-
lis and Ulam 1949, Metropolis et al. 1953, Hastings 1970, Green 1995).

More precisely, let J;(8*]67~1) be a jumping-rule distribution that, at state
t, provides a proposal 6%, depending only on the value of the last iteration

6~V Given a first/initial draw #(”) from some starting distribution, the
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Metropolis-Hastings algorithm follows via

1. Step: Sample 6* from J,(6*|9~D).
2. Step: Compute r with

p(0*1y)/J(8716¢~D)

r= 1.8
p(6U=Vy) /1, (6¢D]6*) (18)
3. Step: Set 8 via
o0 — 0", with probability min(r, 1) (1.9)
gt-1) otherwise. '

In order to proof that the target posterior distribution is the stationary dis-
tribution of the Markov chain generated by the Metropolis-Hastings algo-
rithm one can show that it satisfies detailed balance (Metropolis et al., 1953,
Bhanot, 1988, Brooks et al., 2011). More precisely, a distribution p*(6) is
said to satisfy detailed balance w.r.t. a transition probability T(64|0p) if

P (84)T(85104) = p*(08)T(04|05). (1.10)

Detailed balance means that it is equally probable to move from a state 6p
of a Markov chain to a previous state 64 and vice versa. Detailed balance
is a sufficient (but not necessary) condition for stationarity (Bhanot, 1988,
Brooks et al., 2011). Following Brooks et al. (2011), it can easily be shown
that the detailed balance equation is true for the Metropolis-Hastings gener-
ated Markov chain. Assume we have some draw 64 from the target posterior
p*(0), and J;(0p|04) is the jumping-rule distribution describing the proba-
bility of proposing 6 at some iteration ¢ given 64. In the case 64 = 0p the

detailed balance equation follows directly. Considering 64 # 6p we obtain

p*(0p)J:(0410p)
p*(04)J:(08104)
= min(p*(04)J:(0504), p*(08)J:(04108)), (1.12)

p*(00)T(05|604) = p*(64)J:(05|64) min

1 (1.11)
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where (1.12) follows from (1.11) by considering the two cases p*(64)J;(05]64) >
p*(04)J:(05|604) and p*(04)J:(0p104) < p*(04)J:(0B[04).
Finally, for p*(65)T(04]6p) the expression in (1.12) can be shown analo-

gously, which concludes the proof.

A specific version of the Metropolis-Hastings algorithm is the Metropolis
algorithm. For the Metropolis algorithm, the jumping-rule distribution J
must be symmetric, that is J,(6*|6¢~D) = J,(6%~1|6*). Typical choices for
the symmetric jumping distribution are a normal distribution centered at the
value of the previous iteration 8¢~V or a uniform distribution centered at
6¢-1 . For the Metropolis algorithm the acceptance/rejection rate is given
via r = p(6*|y)/p(6Y"V|y). The more general Metropolis-Hastings algorithm
is not subject to this restriction and allows non-symmetric (e.g. skewed or

truncated) jumping distributions.

When constructing a Metropolis-Hastings algorithm, one aim is to obtain
a possibly large effective sample size (ESS), which can be interpreted as
the size of an independent sample that contains the same information about
the target (posterior) distribution as the dependent (MCMC) sample, and is
computed via

T

ESS = — , 1.13
1+22k:1pk(9) ( )

with T being the size of the (dependent) MCMC sample and pi(0) being the
k-lag auto-correlation of the MCMC chain for parameter 6 (e.g., Stenning
and van Dyk (2018b)). In order to obtain reasonable (small) auto-correlation,
leading to large ESS, two scenarios should be avoided, (i) proposals that are
(almost) never accepted (e.g., due to large jumps away from the target distri-
bution), and (ii) proposals that are (almost) never rejected (e.g., with jumps
being too small). We note that sampling from (highly) skewed distributions
is often challenging, e.g. leading to very slow convergence of the Metropolis-
Hastings algorithm. To improve convergence, transformations of (skewed)
parameters are useful, particularly if the transformed parameter distribu-
tions appear Gaussian. (More details on parameter transformations appear
in Section C.1).
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GIBBS SAMPLING: While direct sampling from the posterior distribution
p(0ly) is not straightforward, in some cases, sampling from the full con-
ditional distributions p(6;]6;x;,y) is more easily realisable (with 6;, j =
1,...,p, being components of 6, that is 6 = (61,...,6,)). In fact, under
some conditions the full conditional distributions p(6,|6;%,,y) completely

determine the joint posterior p(6|y) (Besag, 1974).

The Gibbs sampler (first used by Geman and Geman (1984)) separately
updates the full conditional posterior distributions. More precisely, the fol-

lowing steps are performed

Step 1: Draw Hil) from p(91|9;"”, e ,05,[_1),y).

Step 2: Draw Qg) from p(92|9¥), Hg_l), ey Gl(f_l), y).
Step 3: ...

Step p: Draw 0;,’) from p(9p|9(l), e, 9521’)’)'

In the Gibbs sampler, one assumes that in each step sampling from the full
conditional posterior distributions is feasible, and it can be shown that the
Gibbs sampler is a specific case of the Metropolis-Hastings algorithm with
acceptance probability being 1 (Brooks et al., 2011). In some cases, it is
not possible to directly sample from one (or several) of the full conditional
densities (components) directly. These components can be updated using
Metropolis-Hastings, known as the Metropolis-within-Gibbs sampler, using
the terminology of Gilks et al. (1995).

In Gibbs sampling, there are mainly two approaches in selecting the order
of the variables to draw from the full conditionals in each iteration, also
referred to as scan order (He et al., 2016). In random scan, the ordering of
the drawings (variable indices) is selected independently at random in each
iteration. In systematic scan, a fixed order of variables is selected for all
iterations, which often improves hardware efficiency (time needed for one
iteration; He et al. 2016). Diaconis (2013) notes that in many cases the

ordering strategy only has a small impact on the number of iterations needed
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to obtain an accurate sample (referred to as mixing time), while He et al.
(2016) demonstrates examples where the mixing time between both strategies

can (either way) differ by a polynomial factor.

Many powerful extensions of the Gibbs sampler have been proposed in the
literature, such as the blocked Gibbs sampler (Roberts and Sahu, 1997),
which updates groups of parameters as components, or the partially collapsed
Gibbs sampler, which reduces conditioning on some parameters for some
components (Van Dyk and Park, 2008, Park and Van Dyk, 2009), including
Metropolis-Hastings updates (Van Dyk and Jiao, 2015); among others.

CONVERGENCE DIAGNOSTICS: A critical step in using MCMC methods to
obtain samples from the posterior distribution is to diagnose the convergence
of the MCMC chains. Precisely, it has to be examined if the MCMC chain
has converged to its stationary distribution. As previously alluded, if we
grow our MCMC chain 64, 0o, ..., 607 for a sufficiently large enough number
of iterations T, the latter draws are approximately from the target posterior
(as being the stationary distribution). This requires to discard the first part
of the chain, called burn-in, of values not yet converged to the stationary
distribution. In order to determine a reasonable burn-in, it is good practice
to grow multiple MCMC chains with different starting values and visually

examine convergence of the multiple chains, e.g. via a traceplot.

In addition, using multiple chains allows a numerical evaluation of conver-
gence via the Gelman-Rubin R statistic (Gelman and Rubin, 1992), defined

via
. var” (6 _ T-1 1
R = L(b’), where var*(0|y) = ——W + =B, (1.14)
w T T

where W is the within chain variance and B is the between chain variance,
with var*(|y) being an over-estimate of the posterior variance (referring to
Stenning and van Dyk (2018b) for details). Values of R close to 1 indicate

reasonable convergence of the multiple chains.
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1.3.3 SUPERVISED STATISTICAL MACHINE LEARNING

Broadly speaking, supervised statistical machine learning deals with the con-
struction of a statistical model to predict an output given one or several inputs
(Hastie et al., 2009, James et al., 2013).

More precisely, let X ¢ RF| F > 0, be the covariate space (the input space;
also referred to as the feature space in some literature) and Y the label
space (the output space). The labels typically consist of K > 1 classes, or,
in multivariate regression with K dependent variables, a subset of RX. In a
supervised learning task, let f : X — RX be the training function (e.g. some
statistical model), and € : RExY — [0, o0) be the loss function comparing the
output of f with the true label, y in /. This describes a general multivariate
regression case; in a probabilistic classification task with K classes we usually
have f: X — [0, 1]%.

The risk function associated with our supervised learning task is R(f) :=
Epy [£(f(x),y)]. The aim of supervised learning methods is to obtain
accurate predictions f(x), via covariates x € X, of the labels y € Y, obtained
via minimization of the associated risk R(f). We cannot generally compute
the risk R(f), since the exact joint distribution p(x, y) is unknown. However,
an approximation of the risk can be obtained by computing the empirical risk
by averaging the loss on the training sample, where we have access to both,
the covariates x and the labels y, e.g. via cross-validation or bootstrapping
(Efron and Tibshirani, 1994, Hastie et al., 2009).

To provide some examples, a simple and commonly used loss function for
regression tasks is the squared error loss (also referred to as L2 loss), which
is the squared difference between the prediction f(x) and the actual label y
(evaluated for each example). Simple examples for the training function f
are, for instance, linear models, or regression trees, such as random forest
(Breiman, 2001). We provide further specifications of the exact choice of
employed loss functions € and training (model) function f in the respective

parts of the thesis.

To obtain an empirical risk estimate of R(f), a common assumption in the
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supervised learning literature is the availability of observations (x, y) drawn
from p(x,y). In this thesis, we deal with the scenario, that the set of available
observations is not a representative sample of p(x,y). More generally, we
assume that observations (x’, y”) are available, drawn from a joint distribution
p’(x,y). However, given (x’,y’), the aim is to minimize the risk R(f) under
p(x,y), where p’(x,y) and p(x,y) are related, but different, i.e. p’(x,y) #
p(x,y). We refer to Chapter 2 for details and additional background.

1.3.4 CAUSAL INFERENCE — PROPENSITY SCORES

The introduction of propensity scores (Rosenbaum and Rubin, 1983) was
groundbreaking in causal inference for obtaining unbiased treatment effect es-
timates from confounded, observational data. Rosenbaum and Rubin (1983)
define the propensity score as the probability of treatment assignment given
the observed covariates. In observational studies, the treatment assignment
can typically be observed, but treatment is not randomly allocated. Con-
founding covariates, associated with both the treatment assignment and the
outcome variable, can systematically bias average treatment effect estimates.
Rosenbaum and Rubin (1983) show that, under certain assumptions, condi-
tional on the propensity scores the treatment and control group have balanced

covariates, eliminating or mitigating bias in treatment effect estimates.

More precisely, given a set of observed covariates X and a binary indicator
Z for treatment assignment (treatment vs control), Rosenbaum and Rubin

(1983) introduce the propensity score as
e(X) =P(Z=1|X) (1.15)
and define treatment allocation Z as strongly ignorable, if
(i) (,Yp) L Z|X and (ii)) 0 <e(X) < 1. (1.16)

Condition (i) means that treatment assignment Z is conditionally indepen-
dent of the potential outcome (Y7, Yp), given the observed covariates. The

potential outcomes are the possible outcomes for an object, depending on
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its treatment status, and at most one is observed, (e.g., for a treated object
the observed outcome is ¥ = Y7). In practice, condition (i) means that no
confounders (covariates that are associated with the treatment and outcome)
are unmeasured. Rosenbaum and Rubin (1983) show that if (1.16) holds, the
propensity score is a balancing score. That is, given the propensity score,
the distribution of the covariates in treatment and control are the same, i.e.,
p(Xle(X),Z = 1) = p(Xle(x),Z = 0). Thus, conditional on the propen-
sity score, unbiased average treatment effect estimates can be obtained, i.e.,
E[Yile(x),Z = 1] -E[Yple(x), Z = 0] = E[Y1 —Yp|e(x)]. In practice, condition-
ing on the estimated (rather than true) propensity score can achieve better
empirical balance as this corrects for statistical fluctuations in the sample as
well (Rosenbaum and Rubin, 1983, Hirano et al., 2003).

Four main methods are used to condition on the propensity scores: inverse
probability of treatment weighting (IPTW), using the propensity score for
covariate adjustment, matching, and stratification on the propensity scores
(Rosenbaum and Rubin, 1983, 1984). Extensive work has been done on best
practice and generalization of propensity scores in causal inference, (e.g.,
Hirano et al., 2003, Imai and van Dyk, 2004, Lunceford and Davidian, 2004,
Stuart et al., 2013, Franklin et al., 2014, Austin and Stuart, 2015, Griffin
et al., 2017). Various methods have been proposed to improve the estimation
of propensity scores to obtain unbiased treatment effects (e.g., McCaffrey
et al., 2004, Setoguchi et al., 2008, Lee et al., 2010, Westreich et al., 2011,
Meccaffrey et al., 2013, Pirracchio et al., 2014, Imai and Ratkovic, 2014, Parast
et al., 2017, Griffin et al., 2017, Pirracchio and Carone, 2018, Autenrieth
et al., 2021). We refer to Imbens and Rubin (2015) for an overview.

In the causal inference literature, there is an ongoing debate on the relative
merits of using weighted estimators vs stratification or matching (e.g., Ru-
bin, 2004, Lunceford and Davidian, 2004, Austin and Stuart, 2017). While,
under correct specification of the propensity score model, weighting leads to
consistent estimation of treatment effects, this may not hold for stratification
due to potential residual confounding within strata (Lunceford and Davidian,
2004). However, the bias introduced by stratified estimators is traded with

reduced variance compared to weighted estimators (Lunceford and Davidian,
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2004). In addition, estimates of the propensity score are less variable than
estimates of their reciprocal, or of a density ratio (to form weights). A small
change in an estimated propensity score that is near zero can lead to a large
difference in the computed inverse-propensity weight, causing massive vari-
ance in the estimates based on the weights (Lunceford and Davidian, 2004,
Austin and Stuart, 2017).

In the astrophysics literature, propensity scores have only recently been em-
ployed (Revsbech et al., 2018), with prolific results. The approach by Revs-
bech et al. (2018) can be seen as a prototype of our methodology proposed
in Chapter 2.
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STRATIFIED LEARNING: A
(GENERAL-PURPOSE STATISTICAL
METHOD FOR IMPROVED
LEARNING UNDER COVARIATE
SHIFT

OVERVIEW: We propose a simple, statistically principled, and theoretically
justified method to improve supervised learning when the training set is not
representative, a situation known as covariate shift. We build upon a well-
established methodology in causal inference, and show that the effects of
covariate shift can be reduced or eliminated by conditioning on propensity
scores. In practice, this is achieved by fitting learners within strata con-
structed by partitioning the data based on the estimated propensity scores,
leading to approximately balanced covariates and much-improved target pre-
diction. We refer to the overall method as Stratified Learning, or StratLearn.

We demonstrate the effectiveness of this general-purpose method on toy ex-
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amples, and on two contemporary research questions in cosmology, outper-
forming state-of-the-art importance weighting methods. We obtain the best
reported AUC (0.958) on the updated “Supernovae photometric classification
challenge”, and we improve upon existing conditional density estimation of
galaxy redshift from Sloan Digital Sky Survey (SDSS) data.

2.1 INTRODUCTION

In supervised learning, a model is fit to a data set consisting of covariates
and outcomes and used to predict the outcome variables in a second data set
where only the covariates are observed. Domain shift refers to the situation
where the initial data used to fit the model are systematically different from
the second data set, whose outcome variables are predicted with the model.
In this case, which occurs commonly in many situations, the learning model
is unlikely to generalize well, leading to unreliable predictions. This work
proposes a new, general method to address this problem. Following standard
nomenclature, we refer to the partially observed outcome variables as labels,
to the labeled data used to fit the learning model as the training or source
data, and to the unlabeled data as the target data.

Domain adaptation methods aim to obtain accurate target predictions under
domain shift (Pan and Yang, 2009, Quionero-Candela et al., 2009), arising
in applications such as in medical imaging, where mechanical configurations
may vary between medical centers (Stonnington et al., 2008, Van Opbroek
et al., 2014, Kamnitsas et al., 2017); natural language processing, where an-
notated training data is often highly specialized and thus different from the
target data (Jiang and Zhai, 2007); robotics and computer vision, where
simulated and observed data is often combined to improve classification per-
formance on the unlabeled target data (Patel et al., 2015, Hoffman et al.,
2016, Tai et al., 2017, Csurka, 2017); in cyber security; epidemiology; as-
tronomy; among others. A variety of methods designed to tackle domain
shift have been proposed. Following Kouw and Loog (2019), these meth-
ods can be organized into three categories: covariate-based methods, such as

subspace mappings (Fernando et al., 2013, Gong et al., 2013, Kouw et al.,
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2016), finding domain-invariant spaces (Pan et al., 2010, Gong et al., 2016)
and optimal transport (Courty et al., 2016, 2017); inference-based methods
including minimax estimators (Liu and Ziebart, 2014, Wen et al., 2014, Chen
et al., 2016) and self-learning (Bruzzone and Marconcini, 2009, Yoon et al.,
2020); and sample-based approaches, with a focus on importance weighting
(e.g., Shimodaira, 2000, Sugiyama et al., 2008, Bickel et al., 2009, Cortes

et al., 2010), mainly in the covariate shift framework, which is our focus.

COVARIATE SHIFT: In this paper we present a new method to address
covariate shift, a common case of domain shift, characterized by the fact
that the conditional distribution of the labels given the predictive covariates
is the same for source and target data, but the distribution of source and
target covariates differ (Moreno-Torres et al., 2012). In the world of machine
learning, with its high dimensional covariate spaces, the problem is both

widespread and often difficult to diagnose.

Covariate shift usually occurs when the training sample is not selected at
random, but is biased in terms of certain covariates. For instance, brighter
astronomical objects are more likely to be better observed and therefore se-
lected in the training set (Lima et al., 2008, Gieseke et al., 2010, Vilalta
et al., 2013, Freeman et al., 2017, Revsbech et al., 2018, Allam Jr et al.,
2018, Moller and de Boissiere, 2020). Selection bias has been widely studied
in the statistical literature (Heckman, 1979, Little and Rubin, 2019), e.g.,
when estimating treatment effects via observational studies, where the treat-
ment assignment is often not random but is biased with regards to certain
covariates. The transfer of causal inference techniques to domain adaptation
has received more attention in recent years — both fields share the goal of ob-
taining accurate estimators under distribution shift (Magliacane et al., 2018,
Rojas-Carulla et al., 2018, Hassanpour and Greiner, 2019). We build on this
work in the present chapter, via the transfer of the propensity score frame-
work (Rosenbaum and Rubin, 1983) from causal inference to the covariate

shift setting.

Propensity scores have found wide application to related areas, such as classi-

fication with imbalanced classes (Rivera et al., 2014), fairness-aware machine
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learning (Calders et al., 2013), learning from positive and unlabeled data
(Bekker et al., 2019), unbiased learning-to-rank (Joachims et al., 2017), or
the evaluation of recommender systems (Schnabel et al., 2016), among oth-
ers. In the covariate shift framework, estimated propensity scores are used
only implicitly for importance weighting (e.g., Zadrozny, 2004, Kanamori
et al., 2009) analogously to IPTW, and for matching to obtain validation
data (Chan et al., 2020). There has been no effort, however, to transfer the
general methodology.

CONTRIBUTION:  We propose stratified learning (StratLearn), a simple and
statistically principled framework to improve learning under covariate shift,
based on propensity score stratification. On the theory side, we show that
conditioning on estimated propensity scores eliminates the effects of covari-
ate shift. In practice, we partition (stratify) the (source and target) data
into subgroups based on the estimated propensity scores, improving covari-
ate balance within strata. We show that supervised learning models can
then be optimized within source strata without further adjustment for co-
variate shift, leading to reduced bias in the predictions for each stratum.
StratLearn is general-purpose, meaning it is in principle applicable to any
supervised regression or classification task under any model. We provide
theoretical evidence for the effectiveness of StratLearn, and demonstrate it in
a range of low- and high-dimensional applications. We show that the prin-
cipled transfer of the propensity score methodology from causal inference to
the covariate shift framework allows the statistical learning community to
employ hard-won practical advice from causal inference, e.g., balance diag-
nostics, propensity score model assessment /selection, etc. (e.g., Rosenbaum
and Rubin, 1984, Imai and van Dyk, 2004, Austin et al., 2007, Pirracchio
et al., 2014). We stratify to condition on propensity scores instead of using
importance weighting to avoid the massive variance sometimes associated
with the latter (Rubin, 2001, 2004, Williamson et al., 2012). StratLearn
(stratification) does not use individually estimated propensity score values
except to form strata, leading to a more robust method (Rubin, 2004), as

demonstrated in our numerical studies.
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This chapter is organized as follows. In Section 2.2, we formally introduce
our notation, and the target risk minimization task. In Section 2.2.3, we
summarize related literature on covariate shift, particularly on importance
weighting methods. We develop our new methodology in Section 2.3. In
Section 2.4, we illustrate our method on simulated toy examples. In Sec-
tion 2.5, we apply StratLearn to an astronomical problem that has attracted
broad interest in recent years, namely Type la supernovae (SNIa) classifica-
tion (Kessler et al., 2010b, Boone, 2019). Improving upon Revsbech et al.
(2018), StratLearn obtains the best reported AUC! (0.958) on the updated
“Supernovae photometric classification challenge” (SPCC) (Kessler et al.,
2010a). In Section 2.6, we improve upon non-parametric full conditional
density estimation of galaxy photometric redshift (so-called photo-z estima-
tion) (Izbicki et al., 2017), a key quantity in cosmology. We conclude with a

short summary of the chapter in Section 2.7.

Appendix A provides complementing results. Precisely, Section A.1 pro-
vides additional numerical results for the SNIa classification presented in
Section 2.5. Section A.2 provides numerical evidence on a variation of the
SPCC data (Kessler et al., 2010b) presented in Section 2.5. Finally, Sec-
tion A.3 provides complementing results for the photo-z regression presented

in Section 2.6.

StratLearn is computationally efficient, easy to implement and readily adapt-
able to various applications. Our investigations show that StratLearn is com-
petitive with state-of-the-art importance weighting methods in lower dimen-

sions and greatly beneficial for higher-dimensional applications.

!The AUC is the area under the Receiver Operator Characteristic (ROC) curve, obtained
by plotting classifier efficiency against the false positive rate for different classification
thresholds (between [0, 1]).
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2.2 PRELIMINARIES AND RELATED LITERATURE

2.2.1 NOTATION:

Adapting a model trained on unrepresentative source data to accurately pre-
dict the labels of the target data requires information about how the distri-
butions of the source and target data differ. Let X ¢ RF, F > 0, be the
covariate space that is observed for all data and let Y be the label space,
observed only for the source data. Different domains are defined as different
joint distributions p(x,y) over the same joint covariate-label space X x Y
(Kouw and Loog, 2019). Let Dg = {(xéi),yg))}f:sl denote the source data, a
sample of size ng from the joint distribution pg, and let Dy = {x(Ti)}:’:’1 denote
the target data, an unlabelled sample of size n; from the distribution py. To
avoid the trivial case, we assume that ps(x,y) # pr(x,y), which means the
joint distribution of the covariates x and the outcome labels y differs for the
source and target data. For ease of notation, we implicitly condition on an
indicator variable S, with pg(x,y) := p(x,y|s = 1) representing source data

(analogously pr(x,y) := p(x,y|s = 0) for target data).

Covariate shift refers to the case where the conditional distribution of the
labels given the covariates is the same for all data, but the marginal distri-
bution of the covariates differs between the source and target data. In this
notation, covariate shift corresponds to ps(y|x) = pr(y|x) but ps(x) # pr(x).
Thus, if an object in the source data has the same set of covariates as an
object in the target data, then the conditional distribution of the outcomes of
both objects is the same (i.e., ps(yx) = pr(ylx)). However, the distribution
of covariates for objects in the source data is systematically different to the

distribution of covariates for objects in the target data (i.e., ps(x) # pr(x)).

2.2.2 TARGET RISK MINIMIZATION:

In our supervised learning task, let f : X — RX be the training function,

and £ : RE x Y — [0,00) be the loss function comparing the output of f
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with the true label, y in ¥.2 In the covariate shift setting, the objective is to
minimize the target risk Rz (f) := Ep;(x,y) [£(f(x),y)], via the labelled source
data Dg and unlabelled target data D7, assuming that pg(x,y) # pr(x,y),
with ps(y|x) = pr(ylx) but ps(x) # pr(x). More precisely, our task is to
train a model function f that minimizes Ry (f), being able to compute only
the source loss €(f(xs),ys), but not the target loss £(f(xr), yr), since yr is
unavailable in practice. Section 2.2.3 reviews importance weighting methods

to minimize the target risk under covariate shift.

2.2.3 RELATED LITERATURE — IMPORTANCE WEIGHTING:

OVERVIEW: In an influential work, Shimodaira (2000) proposes a weighted
maximum likelihood estimation (MWLE) and shows that this MWLE con-
verges in probability to the minimizer of the target risk under covariate shift.
Following Shimodaira (2000), assuming that the support of pr(x) is contained
in ps(x), the expected loss (risk) w.r.t. pr(x,y) equals that w.r.t. ps(x,y)
with weights w(x) := pr(x)/ps(x) for the loss incurred by each x,

Epr(xy) (), )] = Epgayy W) E(f (x), )] (2.1)

In short, the target risk can be minimized by weighting the source domain loss
by a ratio of the densities of target and source domain covariates. The impor-
tance weights w(x) are paramount in the covariate shift literature and several
approaches optimize the estimation of the weights. One approach estimates
the densities pr(x) and pg(x) separately (Shimodaira, 2000), e.g., through
kernel density estimators (Sugiyama and Miiller, 2005, Yu and Szepesvéri,
2012, Baktashmotlagh et al., 2014). Others estimate the density ratio di-
rectly, e.g., via Kernel-Mean-Matching (Huang et al., 2007, Wen et al., 2015),
Kullback-Leibler importance estimation (KLIEP) (Sugiyama et al., 2008,
Tsuboi et al., 2009), and variations of unconstrained least-squares impor-
tance fitting (uLSIF) (Kanamori et al., 2009, 2012). Given w(x), Sugiyama

2This describes a general multivariate regression case with K dependent variables. In a
probabilistic classification task we usually have f : X — [0, 1]X, with K being the number
of classes.
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et al. (2007) propose importance weighted cross-validation (IWCV) and show
that in theory this can deliver an almost unbiased estimate of the target risk.
Zadrozny (2004) links covariate shift with selection bias, and shows that the
target risk can be minimised by importance sampling of source domain data,
employing the inverse probability of source set assignment for importance
weights. This allows any probabilistic classifier to be used to obtain the

weights, e.g., logistic regression (Bickel and Scheffer, 2007).

COMPARISON METHODS: To benchmark the performance of our proposed
StratLearn framework against existing literature, we numerically compare
StratLearn with importance weighting (in Sections 2.4, 2.5 and 2.6), consider-
ing a range of well-established importance weight estimators. More precisely,

we implement

e KLIEP — Kullback-Leibler importance estimation procedure (Sugiyama
et al., 2008).

e uLSIF — Unconstrained least-squares importance fitting (Kanamori et al.,
2009).3

e NN — Several versions of the nearest-neighbor importance weight esti-
mator (Lima et al., 2008, Kremer et al., 2015, Loog, 2012), varying the
number of neighbors.

e [PS — Importance weight estimation through probabilistic classification

of source set assignment (Zadrozny, 2004, Kanamori et al., 2009).

Below we detail how the various importance weight estimation methods can
be employed for different importance weighting strategies (e.g., IWCV, im-
portance sampling, weighted least square regression (WLS), and loss weight-
ing). Following Kanamori et al. (2009) and Bickel et al. (2009), by Bayes

Theorem,

w(x)

_pr(0) _p(s=1D p(s=0lx) _ns (; 1) (2.2)

Tps()  p(s=0)ps=1x)  np\p(s=1x)

3KLIEP and uLSIF were implemented with the original author’s public domain MATLAB
code (link).
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The importance-weighting-based estimators, KLIEP, uLL.SIF and NN directly
estimate w(x). IPS obtains an estimate of w(x) by plugging in the esti-
mated inverse probability of source set assignment? into the right-hand side
of (2.2), which allows any probabilistic classifier to be used to obtain the
weights, e.g., logistic regression (Bickel and Scheffer, 2007). The estimated
weights in (2.2) can then be used for weighted empirical risk minimization
(following Formula (2.1); e.g., through WLS in Section 2.4, through IWCV
in Section 2.5, and through (2.19) in Section 2.6).

To implement importance sampling (such as in Section 2.5), we employ the
framework proposed by Zadrozny (2004). Specifically, Zadrozny (2004) shows
that for any distribution O with feature-label-selection space X X Y X S
and (x,y,s) examples drawn from D, for all classifiers f and loss functions
{=¢(f(x),y), if we assume that P(s = 1|x,y) = P(s = 1|x) # 0, then

Ep [6(f(x), )] =Ep [E(f(x), »)|s = 1], (2.3)
P(s=1)

with .ZA)()C,y, S) = P(T_llx)

D(x,y,s). (2.4)
The target risk can thus be minimised by sampling from D, e.g., by impor-
tance sampling of source domain data. Formula (2.4) allows us to directly
use the inverse probability of source set assignment (IPS). Moreover, rear-

ranging the terms in the formulation of w(x) in the right hand side of (2.2)

yields ( )
B ., pls=1
ps=0wkx)+p(s=1) = eSO (2.5)
Then, substituting into (2.4),
A  P(s=1)
D(x,y,s):= —P(s - 1lx)Z)(x,y, s) (2.6)
= (wx)p(s =0) +p(s =1))D(x,y,s). (2.7)

Thus, following Formula (2.3) (Zadrozny, 2004), IPS can be used for impor-

4We note that the inverse probability of source set assignment is equivalent with the

inverse propensity score, we thus call this estimator IPS. In this way, propensity scores
have implicitly been used for importance weighting, however, without identification or
transfer of the general propensity score methodology (as proposed in our work).
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tance sampling via (2.6), and the direct-weight estimators KLIEP, uL.SIF

and NN can be used for importance sampling via (2.7).

In our numerical examples, we incorporate the estimated weights as in the
corresponding benchmark publication (if existent). Specifically,

in Sections 2.4.1 and 2.4.2 the estimated weights are used for importance
weighted least squares regression (Shimodaira, 2000). In Section 2.6, we
incorporate the estimated weights as suggested in Izbicki et al. (2017). Fol-
lowing Izbicki et al. (2017), the estimated weights are used for loss weighting
as in (2.1). In Section 2.5, importance weighting has not previously been
applied. We implement IWCV, importance sampling, and a combination of

both, to demonstrate the advantage of StratLearn with respect to either.

[SSUES OF IMPORTANCE WEIGHTING: Although importance weighting in
theory enables minimization of the target risk, there are challenges. Cortes
et al. (2008) theoretically analyze the effect of errors in the weight estimation
on the outcome hypothesis of the learning algorithm. Based on a measure
of domain dissimilarity (e.g., Rényi divergence), Cortes et al. (2010) show
that weighting leads to high generalization upper error bounds, making pre-
dictions unreliable, especially with large importance weights. In addition,
Reddi et al. (2015) points out that while weighting can reduce bias, it can
also greatly increase variance. Unfortunately, with increasing covariate space
dimension, the variance of the importance-weighted empirical risk estimates
may increase sharply (Izbicki et al., 2014, Stojanov et al., 2019). This can be
partly tackled by dimensionality reduction methods (Sugiyama et al., 2010,
2011, Stojanov et al., 2019); see Kouw and Loog (2019) for a detailed dis-

cussion. We address these variance concerns via propensity scores.

2.3 A NEwW METHOD: STRATLEARN

In this section, we introduce our novel StratLearn methodology for principled
learning under covariate shift via the transfer of the propensity score frame-
work from causal inference to the covariate shift setting. In Section 2.3.1, we

provide theoretical justification that conditioning on propensity scores elimi-
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nates covariate shift, and we devise how propensity scores can be employed in
practice to mitigate the effects of covariate shift via propensity score stratifi-
cation. The flowchart in Figure 2.1 outlines the StratLearn framework, with
technical details described in Section 2.3.2. In Section 2.3.3, we describe co-
variate balance diagnostics which can readily be transferred from the causal
inference framework to assess the propensity score model, and we introduce
outcome balance diagnostics, employing additional structure in the covariate

shift setting.

2.3.1 STRATLEARN — METHODOLOGY

In the covariate shift framework, we define the propensity score to be the
probability that object i is in the source data, given its observed covariates,

ie.,
e(x;) = P(s; = 1]x;), with 0 < e(x;) < 1. (2.8)

Proposition 1 (Learning conditional on the propensity score). If ps(x,y)
and pr(x,y) satisfy the covariate shift definition and 0 < e(x) < 1, then it
holds that

pr(x, yle(x)) = ps(x, yle(x)). (2.9)

That s, conditional on e(x) the joint source and target distributions are

the same, eliminating covariate shift. It follows, for any loss function € =

t(f(x),y),

Epreyleon [ECF (), V)] = Epgeyle [E(f (x), )] (2.10)

Verification of Proposition 1: For Proposition 1, we start from [Theorem
1] in Rosenbaum and Rubin (1983), which proves that the propensity score

e(x), with 0 < e(x) < 1, is a balancing score, which for our case means

x 1 sle(x), (2.11)

33



or equivalently ps(x|e(x)) = pr(x|e(x)). That is, conditional on the propen-
sity score, the covariates in the source and target data have the same distri-
bution. It follows that

ps(x,yle(x)) :=p(x, yle(x),s =1)

=p(ylx,e(x),s = 1)p(xle(x),s = 1) (2.12)
=p(ylx, e(x), s = 0)p(xle(x),s =1) (2.13)
=p(ylx,e(x),s = 0)p(xle(x), s = 0) (2.14)

=p(x,yle(x),s =0)
=:pr(x, yle(x)).

Step (2.13) follows from the covariate shift assumption that p(ylx,s = 1) =
p(y|x,s = 0), with e(x) as a function of x not changing the conditional dis-
tributions. Step (2.14) follows from the balancing property of the propensity
score (2.11). Thus, conditional on the propensity score, the source and target

data have the same joint distribution. Equation (2.10) follows directly.

Note that the condition of Proposition 1, that is 0 < e(x) < 1, is no stronger
than the conditions required for (2.1). The support of pr(x) being contained
in ps(x) implies 0 < e(x), and e(x) = 1 implies pr(x) = 0, in which case the

importance weight w(x) = 0, which is equivalent to discarding the sample.

With Proposition 1, we extend the basic causal inference theory to use
propensity scores in the covariate shift framework. Conditioning on esti-
mated propensity scores enables statistically principled minimization of the
target risk based on source data. According to Proposition 1, if we were
to condition on any single value of the propensity score, the distribution of
x and y in the source and target domains would be identical and we could
minimize their target risk using the source data alone. Because sample sizes
with identical propensity scores are too small in practice for model fitting,

we employ an approximation.

StratLearn takes advantage of Proposition 1 via propensity score stratifica-
tion; source data Dg and target data D7 are divided into k non-overlapping

subgroups (strata) based on quantiles of the estimated propensity scores.

34



More precisely, letting g; be the j’th k-quantile of {e(x;) : x; € (xs Ux7)},
for j el,...,k, we divide Dg and D7 into

DY = {(x,y) € Ds:qij < e(x) < qx—jn1} and
D(le.) ={xeDr:qij<e(®) < qiju} (2.15)
where gg = 0 and g = 1. By Proposition 1, within strata,

pr;(y,x) = ps;(y,x), for j€1,...,k, (2.16)

where §; indicates conditioning on assignment to the j’th source stratum
(analogously for target T;). It follows that for j € 1,...,k,

Epr, e [E(F (%), V)] % B ey [E(f (%), ¥)]. (2.17)

Thus, we can minimize the target risk within strata by minimizing the source
risk within strata. In this way, we reduce the covariate shift problem to non-
overlapping subgroups where the source and target domain are approximately
the same, which in principle allows us to fit any supervised learner to Dyg; to
predict the target objects in Dr,. Figure 2.1 presents a flow chart illustrating
the steps of our proposed StratLearn methodology.

2.3.2 STRATLEARN — TECHNICAL DETAILS

In general, any probabilistic classifier could be used to estimate propensity
scores (e.g., Pirracchio et al. (2014)). Logistic regression is commonly used in
causal inference, and we adopt it for the majority of applications in this pa-
per. In practice, the covariate shift assumption, ps(y|x) = pr(y|x), requires
there be no unobserved confounding covariates. To meet this requirement,
we include all potential confounders as main effects. An estimate of the
propensity scores in (2.8) is then obtained by probabilistic classification of

source assignment, given source data xg and target data x7.

Using the estimated propensity scores, the source and target data are grouped

into strata, following (2.15). We use k = 5 strata based on empirical evidence
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Estimate propensity score (PS) via (2.8)
(binary classification of xg and xr)

A

Y
Group data Dg and Dy into k strata
via (2.15) (based on estimated PS)

Stratum j
4

Covariate
balance?* ” No

R4

Yes

Y
Optimize and cross-validate outcome model
fj via (2.17) (on source data Dyg;)

Y

Predict optimized f; on Dr; to obtain yr;

Y

Outcome
balance?* " No

Y

for j=1,...,k Yes

Y
Report predictions on Dy
(combining yr; from strata j = 1,...,k)

Figure 2.1: StratLearn flow chart. (*Covariate balance and outcome balance is assessed as
described in Section 2.3.3, with a numerical example given in Section 2.5.)

36



provided by Cochran (1968), showing that sub-grouping into five strata is
enough to remove at least 90% of the bias for many continuous distributions
(Rosenbaum and Rubin, 1983). Given the stratified data, we fit a model f;
to source data Dg,, and predict the respective target samples in Dr;, for j €
1,..., k. Model hyperparameters for f; can be selected through empirical risk
minimization on source data Dy, for instance through cross-validation on
Dg,. The model functions f; are trained independently and can be computed
in parallel to reduce computational time. If the source distribution does not
cover the target distribution well enough, some of the strata may contain too
little source data to reliably train the model. In this case, we add source data
from one or more adjacent strata to avoid highly variable predictions. There
is a bias-variance trade-off here in that this reduction in variance requires
a relaxation of the approximation in (2.16), which inevitably increases bias
somewhat. Although a general and precise criterion for combining the strata
is elusive (more complex models require more data and data sets of the same
size may be more or less informative for the same model), we illustrate the
combination of source strata in Section 2.5 (and Section 2.4.2), where one or

more source strata have insufficient data.

2.3.3 STRATLEARN — BALANCE DIAGNOSTICS

A key advantage of propensity scores derived in causal inference is their
covariate balancing score property (Rosenbaum and Rubin, 1983), that is,
ps(xle(x)) = pr(x|le(x)). In causal inference, this property is used to ver-
ify the propensity score model and/or the choice of covariates, x, e.g., by
checking that x has the same within-strata distribution in the treatment and
control groups. Employing the balancing property in the derivation of Propo-
sition 1 allows us to take advantage of such diagnostic tools in our framework.
We refer to the large literature on this (e.g., Rosenbaum and Rubin, 1984,
Imai and van Dyk, 2004, Austin et al., 2007, Austin, 2011), and provide an
example of such a balance check in Section 2.5 (and in Sections A.2 and
2.4.2).

In Remark 1, we detail how additional structure in the covariate shift setting
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can be exploited to justify a corollary model diagnostic.

Remark 1. In the propensity score framework of causal inference (Rosen-
baum and Rubin, 1983) we have potential outcomes Yy and Y1. In the co-
variate shift framework, the potential outcomes are identical (Yo =Yy). That
is, there is no “treatment effect” from being assigned to the source or tar-
get set, though only the source data are observed (Y1 =Y). Now, given the
propensity score e(x), with 0 < e(x) < 1, and the covariate shift condition
p(ylx,s = 1) = p(y|lx,s = 0), source data assignment is ‘strongly ignorable’
(using the terminology of Rosenbaum and Rubin (1983)). It follows through
Theorem 4 in Rosenbaum and Rubin (1983) that, conditional on the propen-

sity score, source and target outcome are the same in expectation.

In cases where labels are observed for (part of) the target group we can use
Remark 1 as a model diagnostic. Although in practice the labels are mostly
unobserved in the target group, they are available in our real-world scien-
tific/experimental settings described in Sections 2.5 and 2.6. In Section 2.5
(as well as Sections 2.4.2, A.2, and A.3), we use Remark 1 to demonstrate a
reduction of within-strata covariate shift (i.e., by conditioning on the propen-

sity score).

We further demonstrate the possibility of similarly using predicted labels in-
stead of actual labels as a model diagnostic. While the actual target labels
yr are usually not available in real-world data applications, the distribution
of the model predicted outcome labels (y = f(x)) can be evaluated for source
f(xs) and target f(xr). With f being a measurable function of the co-
variates x, and by employing the balancing property of propensity scores, it
holds ps(f(x)|e(x)) = pr(f(x)|e(x)). Consequently, a discrepancy between
the distributions of predicted source outcome f(xg) and predicted target
outcome f(xr) is an indication of residual (covariate) shift in the source and

target distribution.® An advantage of assessing the balance in the predicted

SIn practice, one has to ensure that f is not overfitted on the available training (source)
data sample, a standard check in supervised learning, which can readily be assessed via
standard validation tools, such as cross-validation or bootstrapping of source data.
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outcome f(x) (in addition to covariate balance) is that f(x) is designed to ap-
proximate the outcome y. Thus, a discrepancy of f(xg) and f(x7) indicates
an imbalance in strongly predictive covariates, a straightforward sign for re-
maining, (likely) concerning confounding. We demonstrate the application

of balance diagnostics via predicted labels in Section 2.5.

2.4 NUMERICAL DEMONSTRATIONS ON SIMULATED TOY PROBLEMS

This section provides numerical evaluation of StratLearn with a compari-
son to state-of-the-art importance weighting methods on two toy simulation
examples. We note that these toy examples serve mainly for illustration
purposes. More precisely, in Section 2.4.1, we implement StratLearn on a
well-known univariate regression example from Shimodaira (2000). In Sec-
tion 2.4.2, we evaluate StratLearn under violation of the covariate shift as-
sumption on data from the UCI repository (Dua and Graff, 2017).

2.4.1 SIMULATION STUDY — UNIVARIATE REGRESSION

UNIVARIATE TOY REGRESSION EXAMPLE — LINEAR MODEL FIT: As an il-
lustration, we apply StratLearn to a simple, well known univariate toy simu-
lation from Shimodaira (2000). Source data are simulated from Xg ~ N(ug =
0.5, 7s = 0.5) and target data from X7y ~ N(ur, 77), independently. We inves-
tigate three values of the target parameters: Setting (i) ur = 0,77 = 0.3; (ii)
ur = 0,77 =0.5; and (iii) pur = 0.2, 70 = 0.5. Setting (i) replicates Shimodaira
(2000), and settings (ii) and (iii) vary the covariate shift mechanism. In all
three settings, the outcome is simulated as y = —x+x3+¢, with € ~ N(0, 0.3%).
We independently sample Xg and X7, each of size 100, along with the source
outcome (blue circles in Figure 2.2), with the aim of predicting the target
outcome (black triangles). Following Shimodaira (2000), we fit a misspecified

(linear) model.

To compare the performance of StratLearn to ordinary least squares (OLS)
and weighted least squares (WLS), employing importance weights, following

Shimodaira (2000), we evaluate the target predictive performance of each

39



method on m = 1000 replicate data sets. Weights for WLS are estimated
using the methods described in Section 2.2.3. We also compute the weights
analytically, since the density of the target and source data are known. We
assess performance with the mean squared error (MSE) of the target data
predictions in each of the m = 1000 data sets as summarized in the boxplots

in Figure 2.3.

We implement StratLearn following Section 2.3, by splitting the data into
five equally sized strata based on logistic-regression estimated propensity
scores, and fitting OLS on the source data within each stratum to predict
the respective target outcomes. To ensure sufficient source data in the last
stratum, source data from stratum 4 was added to fit the model for stratum 5
in cases where replicate data had fewer than 10 source samples in stratum 5.
A sample fit of StratLearn is shown in Figure 2.2 for settings (i)-(iii) (blue
lines), illustrating that StratLearn approximates the true data generation

model (grey line) well.

In setting (i), StratLearn performs comparably to the WLS methods, as
shown by overlapping boxplot ranges in Figure 2.3, strongly improving upon
OLS. In setting (ii), and especially in setting (iii), StratLearn led to the
lowest MSE, substantially improving upon all WLS methods and OLS. The
results demonstrate robustness of StratLearn with respect to the underlying

covariate shift mechanism.

We emphasize that the simulations in this section serve as a toy example,
where the one-dimensional covariate space allows a clear visualization of how
StratLearn compares to weighted methods. As pointed out by Shimodaira
(2000), fitting a correctly specified model (polynomial with degree d = 3)
leads to a good approximation of the true model function, dispensing with
the need for further covariate adjustment. However, in more realistic (high-
dimensional) data setups, model misspecification is more likely, and the fitted
model must not be overly complex to avoid high variability. Nevertheless,
in the next paragraph, we show that allowing more complexity, by fitting

a quadratic (instead of linear) model, which might better approximate the

6Using a minimum threshold of 5 source samples led to very similar model performance, as
shown in Table 2.1, demonstrating robustness with respect to the choice of this threshold.
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target data with settings (ii) and (iii), leads to similar results, underlining

the advantage of StratLearn.

. . 34 . .
True model . .

01 Setting: (i) Setting: (ii)

O source data p

< -+ OLS

— = WLS: theoretical / 27 9
WLS: NN

- = WLS: IPS
WLS: uLSIF

> o 4= = WLS:KLIEP

—— StratLearn

Figure 2.2: Representative linear model fit for each of the target parameter settings (i)-(iii),
as discussed in Section 2.4.1.

UNIVARIATE TOY REGRESSION EXAMPLE — QUADRATIC MODEL FIT: As
pointed out by Shimodaira (2000), fitting a correctly specified model (poly-
nomial with degree d = 3) leads to a good approximation of the true model
function, dispensing with the need for further covariate adjustment. How-
ever, in more realistic (high-dimensional) data setups, model misspecification
is more likely, and the fitted model has to be not overly complex to avoid
high variability. Although it may seem that StratLearn has an advantage
for this particular example due to its flexibility in model choice, we note

that the target data in setting (i) can be reasonably well approximated by
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Figure 2.3: Boxplot of the target MSE in the univariate regression example with linear model
fit (Section 2.4.1), obtained by using StratLearn, OLS, and the WLS methods on m = 1000
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are reported in Table 2.1.

a linear model, and in settings (ii) and (iii), with more target data around
x € (1.0,1.5) where y is strongly increasing, a quadratic model (polyno-
mial with degree d = 2) agrees reasonably well with the target data. Thus,
StratLearn is not unduly advantaged relative to the non-adjusted (OLS) fit
and the weighted (WLS) fits. Figure 2.5 presents boxplots of the target MSE
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Table 2.1: Mean and standard error (se) of the m = 1000 target MSE's presented in Figures 2.3
(settings (i) to (iii) from left to right). StratLearn (min = 10) refers to values presented in
Figure 2.3, where source data from stratum 4 was added to fit the model for stratum 5 in
cases where replicate data had fewer than 10 source samples in stratum 5, to ensure that there
is enough source data in the last stratum. We also add the StratLearn results obtained with a
threshold of minimum 5 samples in source stratum 5 as a combination rule (StratLearn (min
= 5)). Best model performances are highlighted in bold.

Setting (i): Setting (ii): Setting (iii):
Method \ MSE Mean (se) Mean (se) Mean (se)
OLS 0312 (0.143) 0.415 (0.208) 0.370 (0.173)
WLS: theoretical 0.098 (0.016) 0.196 (0.109) 0.239 (0.131)
WLS: NN 0.101 (0.020) 0.189 (0.088) 0.244 (0.123)
WLS: IPS 0.115 (0.045) 0.196 (0.108) 0.236 (0.130)
WLS: uLSIF 0.102 (0.022) 0.197 (0.101) 0.243 (0.140)
WLS: KLIEP 0.098 (0.016) 0.188 (0.095) 0.220 (0.126)
StratLearn (min =10) 0.108 (0.023) 0.181 (0.108) 0.140 (0.076)
StratLearn (min =5)  0.113 (0.040) 0.178 (0.143) 0.141 (0.077)

for m = 1000 replicate data sets, fitting a quadratic model (d = 2) instead
of a linear model (d = 1) as presented in the previous paragraph. Figure 2.5
demonstrates a strong advantage of StratLearn over the non-adjusted (OLS)
fit, and over the weighted (WLS) fits, when fitting a quadratic model in set-
tings (ii) and (iii), strengthening our previous findings that StratLearn leads
to better covariate shift adjustment than the WLS methods in these settings.
Representative quadratic model fits are displayed in Figure 2.4 for each tar-
get parameter setting (i) - (iii) (based on the same simulated data examples
as presented in Figure 2.2, for comparison). Figure 2.4 illustrates that, while
the WLS methods fail to fit the target data (especially on the right side of the
curve), StratLearn well approximates the true data generation model (grey

line) with quadratic model fits in each source stratum.

2.4.2 StratLearn APPLIED TO DATA FROM UCI REPOSITORY

In this section, we demonstrate the performance of StratLearn under violation
of the covariate shift assumption. We apply StratLearn on two datasets
from the publicly available UCI repository (Dua and Graff, 2017): the “wine
quality data” (Cortez et al., 2009) and the “Parkinson Telemonitoring data”
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Figure 2.4: Representative quadratic model fit (Section 2.4.1) for each of the target parameter
settings (i)-(iii) (Ex: (i) - (iii)). For comparison, the same simulated data set examples as
presented in Figure 2.2 are displayed for all three settings.

(Little et al., 2008). These datasets have previously been used to explore

regression problems in the presence of covariate shift (Chen et al., 2016).

Wine Quality Data: The data set contains 6497 samples of which 4898
are of type “white wine”, used as source data Dg, and 1599 samples are of
type “red wine”, used as the target data Dy. The output is a wine “quality
score” (between 0 and 10), which we aim to predict for the target data
(red wine), given the scores of the source data (white wine). There are 11

physicochemical, predictive covariates. We refer to Cortez et al. (2009) for

44



MSE - setting (i) MSE - setting (ii)

1 2 5 201 we 3 .5 °3 .5 3 18
0.8 . 2 S — s
| : ° S :
o H ° o C
2 L S O T SR SN S-S
0.6 N | 2 8 o ° g H
s o ' 8 H N ] 8 o
8 o ; [ °
o o o 1.0 f :
0.4 E - 5 1 Zev
] 8
02 dot g i g 05 R e ma—
E;;;} Ai, JL ‘l’ : 4;— T —] .
e u S S S ol —— i | s
== I I I = + e Wl s s
0.0 0.0
T T \\GT T T ? T ? T T T T ? T ? T
S o\ N2 & RN S A\ <« o
S e @0 (B W o o oW @ (S S
N COANAA SR 2 N ¥ : NG o AE
fe) ‘*\’%' W W \!4\’6 \“\5‘9 @ (¢) \ﬂ\«% X \X‘\’% ‘q\,% ‘“\,% ‘“\fo‘ @

MSE - setting (iii)

24 10 18

o @jo®og,
o ojomo
™ @d o

814
H
8 8
0.8 8 H
o
s
a
8

0.6

0.4 — : e

0.2 *ﬁg—g

0.0

T T T T T T T

S R S ¢ & o
S S NSRS AV )
o\«‘“\,gﬁ(\ ‘“\,‘5 \“\fv‘ ‘“\/54‘)‘“\’5 A %\‘3\\'

Figure 2.5: Boxplot of the target MSE in the univariate example (Section 2.4.1), fitting a
quadratic model (polynomial with degree d = 2) instead of a linear model (d = 1), such as
presented in Figure 2.3. The quadratic models are fitted on the same m = 1000 Monte Carlo
simulations (settings (i) to (iii) from left to right) as presented in Figure 2.3.

detailed information.

Parkinson Data: The data comprises 5875 instances and 26 attributes.
Similar to Chen et al. (2016), we take 17 of the attributes to be predic-
tive covariates, with the aim of predicting the UPDRS Parkinson’s disease
symptom score (output). The source data Dg contains all instances with
age below 60, leading to a source subset of size |Dg| = 1877. Instances with
age above (inclusively) 60 and below 70 are used as target samples Dy, with
|Dr| = 2127. As in Chen et al. (2016), instances with age above 70 are not
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considered. We refer to Little et al. (2008) for further information on the
data.”

IMPLEMENTATION AND RESULTS ON UCI DATA: Following Chen et al.
(2016), our objective is to predict the wine “quality score” and the Parkin-
son’s “UPDRS” score using linear regression models, specifically OLS. We
assume that the source and target splitting covariates (wine type and age)
are not observed for model fitting. Note that, because these are confounding
covariates, this violates the covariate shift assumption. All other available
covariates are used to estimate the propensity scores and the importance
weights, and as predictor variables for the outcome models. To improve co-
variate balance on the wine quality data, we use gradient boosting machines
to estimate the propensity scores, commonly used in the propensity score
causal inference literature (McCaffrey et al., 2004, Mccaffrey et al., 2013,
Autenrieth et al., 2021). Covariate balance is assessed as described in Sec-
tion 2.3.3. On the wine quality data, we assess the covariate balance in
stratum 4, which is the only stratum with both source and target samples
(Table 2.2). Using logistic regression, the average (SD) absolute standard-
ized mean difference in the observed covariate set is 0.667 (0.436), and the
average (SD) of the Kolmogorov-Smirnov test statistics is 0.388 (0.154). Es-
timating the propensity scores using gradient boosting machines increases
balance in stratum 4, by reducing the average (SD) absolute standardized
mean difference to 0.561 (0.292), and the average (SD) Kolmogorov-Smirnov
test statistics to 0.288 (0.109). While the balance improvement is marginal to
moderate, it is consistent for both considered balance measures. In addition,
there is negligible overhead in computational cost using gradient boosting
machines vs. logistic regression in this example, which motivates the applica-
tion of the gradient boosting machine propensity score estimator. Additional
propensity score estimators are discussed in the literature and could be em-
ployed to further improve balance if required (Pirracchio et al., 2014, Parast
et al., 2017, Autenrieth et al., 2021). On the Parkinson data set, logistic

regression is used to estimate the propensity scores because it leads to better

"The data used from the UCI repository (Dua and Graff, 2017) is publicly available (UCI
Wine quality data (link), Parkinsons Telemonitoring Data (link)).
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covariate balance in the strata than using gradient boosting machines.

Table 2.2 presents the composition of the StratLearn strata for the Wine
and Parkinson data, both conditioned on the estimated propensity scores.
For the wine data set, all target samples are in strata 4 and 5, and only
stratum 4 contains both source and target samples. Following our StratLearn
strategy, we fit OLS on Dg, to predict D7, and Dr;. In the Parkinson data
set there is enough source data in each strata to fit OLS separately on each

source stratum Dy; to predict the data in the respective target stratum Dy,
jed{l,..., 5}

Table 2.3 presents the MSE of the target predictions, comparing StratLearn
with (non-adjusted) OLS (‘Biased’) and WLS, using the methods described
in Section 2.2.3 to estimate the weights. Applying StratLearn results in
a target MSE of 0.715 for the Wine data and 114.97 for the Parkinson
data, both improving upon the Biased OLS fit which yields a target MSE
of 1.024 (Wine) and 130.88 (Parkinson). StratLearn further provides better
results than WLS:uLSIF, WLS:KLIEP and WLS:NN on both data sets; only
WLS:IPS leads to slightly better results than StratLearn.

We also compare StratLearn with the method that Chen et al. (2016) devel-
ops and illustrates on these datasets. Specifically, Chen et al. (2016) proposes
a “robust bias-aware regression” based on the Kullback-Leibler divergence.
This proposal is tailored specifically to regression and to loss functions that
account for uncertainty in the prediction (e.g., empirical logloss), whereas
StratLearn is entirely general but can be successfully applied to this task.
Following Chen et al. (2016), we compute the target empirical logloss as
a performance measure. On the Wine data, StratLearn yields an empiri-
cal logloss of 1.271, which exactly matches the reported performance of the
method proposed in Chen et al. (2016). On the Parkinson data we could not
replicate the exact data split as reported in Chen et al. (2016), and thus a
meaningful comparison of empirical logloss to the values reported by Chen
et al. (2016) is not possible.

In summary, in these illustrative regression examples StratLearn demon-

strates certain robustness against violation of the covariate shift assumption,
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Table 2.2: Composition of the five StratLearn strata for the UCI wine and UCI parkinson
data. The number of samples/subjects in source and target stratum, as well as the mean
outcome (“quality score” and “UPDRS score” ) are presented.

UCI Wine data UCT Parkinson data

Stratum  Set # samples (Mean “quality”) # subjects (Mean “UPDRS”)
1 Source 1299 (5.98) 627 (22.00)
Target 0 (0.00) 174 (29.15)

2 Source 1300 (5.92) 486 (26.36)
Target 0 (0.00) 315 (25.21)

3 Source 1300 (5.93) 314 (25.53)
Target 0 (0.00) 487 (24.86)

4 Source 999 (5.63) 269 (27.38)
Target 301 (5.49) 532 (28.15)

5 Source 0 (0.00) 181 (27.06)
Target 1298 (5.67) 619 (30.00)

All Source 4898 (5.88) 1877 (24.98)
Target 1599 (5.64) 2127 (27.58)

Table 2.3: MSE of target predictions on UCI Wine and Parkinson data, based on ordinary
least squares regression (OLS), various importance weighted least squares regression methods
(WLS), and our proposed StratLearn method.

Method \ Data UCI wine data UCI Parkinson data

OLS (Biased) 1.024 130.88
WLS:uLSIF 2.363 120.81
WLS:KLIEP 3.968 116.72
WLS:NN 2.377 117.47
WLS:IPS 0.660 112.80
StratLearn 0.715 114.97

improving upon the (non-adjusted) Biased fit and performing comparably

with the best importance weighting approach.

2.5 CLASSIFICATION — SNIA IDENTIFICATION

OBJECTIVE: Type la supernovae (SNIa) are invaluable for the study of the
accelerated expansion history of the universe (e.g., Riess et al., 1998, Perlmut-
ter et al., 1999). SNIa are exploding stars that can be seen at cosmological

distances (billions of light years away), occurring in a particular physical
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scenario which causes their intrinsic luminosity to correlate with observable
properties of their light curve (apparent brightness at Earth as a function of
time). This “standardizable candle” property of SNIa makes it possible to
measure their distance, which in turn depends on parameters describing the

physical contents of the universe.

To take advantage of this, reliable identification of SNIa based on photometric
light curve (LC) data is a major challenge in modern observational cosmol-
ogy. Photometric LC data are easily collectable, consisting of measurements
of an astronomical object’s apparent brightness (i.e. flux), filtered through
different passbands (wavelength ranges), at a sequence of time points (as
illustrated in Figure 2.6). Only a small subset of the objects are labelled via
expensive and time-consuming spectroscopical observations, which enable
SNIa identification thanks to its characteristic spectral lines. The labeled
source data, Dg, are therefore not representative of the photometric target
data, Dy, as the selection of spectroscopic source samples is biased towards
brighter and bluer objects. The automatic classification of unlabelled ob-
jects, based on biased spectroscopically confirmed source data, is the subject
of much research, including public classification challenges (Kessler et al.,
2010b, 2019).

Leading SNIa classification approaches are based on data augmentation; they
sample synthetic objects from Gaussian process (GP) fits of the LCs to over-
come covariate shift (Revsbech et al., 2018, Boone, 2019). The method of
Revsbech et al. (2018) can be viewed as a prototype of StratLearn, as it aug-
ments the source data separately in strata based on the estimated propen-
sity scores. However, to optimize data augmentation within strata, Revsbech
et al. (2018) requires a sub-sample of labeled target data that is unavailable
in practice. While effective in this particular case, GP data augmentation is
not an option in most covariate shift tasks. We show that StratLearn makes
augmentation unnecessary. We use target prediction AUC to compare per-

formance to published results.

DATA AND PREPROCESSING: We use data from the updated “Supernova
photometric classification challenge” (SPCC) (Kessler et al., 2010a), contain-
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Figure 2.6: Example of photometric LC data, including 1o error bars, for a typical SNla
(specifically, SN2475 from the updated Kessler et al. (2010a) simulated SPCC data).

ing a total of 21,318 simulated SNIa and of other types (Ib, Ic and II). For
each supernova (SN), LCs are given in four color bands, {g,r,i, z}. The data
include a source set Dg of 1102 spectroscopically confirmed SNe with known
types and 20,216 SNe with unknown types (target set Dr). 51% of the source
objects are SNIa, while only 23% of the target date are SNla, a consequence

of the strong covariate shift in the data.

We follow the approach in Revsbech et al. (2018), which was applied to an
earlier release of the SPCC data (Kessler et al., 2010b, discussed in Sec-
tion A.2), to extract a set of covariates from the LC data that can be used
for classification. First, a GP with a squared exponential kernel is used to
model the LCs. Then, a diffusion map (Coifman and Lafon, 2006) (as used in
Richards et al. (2012)) is applied, resulting in a vector of 100 similarity mea-

sures between the LCs that we use as predictor variables. Combining these
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with redshift (a measure of cosmological distance, defined in Section 2.6) and

a measure of overall brightness, we obtain 102 predictive covariates.

REsuLTs: To evaluate the impact of covariate shift on classification, we first
consider a ‘biased fit” by training a random forest classifier (as in Revsbech
et al. (2018)) on the source covariates ignoring covariate shift, resulting in an
AUC of 0.902 on the target data (black ROC curve in Figure 2.7). Next, we
obtain a ‘gold standard’ benchmark by randomly selecting 1102 objects from
target data as a representative source set. The same classification procedure
with the unbiased ‘gold standard’ training data (unavailable in practice)
yields an AUC of 0.972 on the remaining 19,114 target objects.

Given the biased source data, StratLearn is implemented as described in
Section 2.3, including all 102 covariates in the logistic propensity score esti-
mation model. After stratification, a random forest classifier is trained and
optimized on source strata Dg, and Dg, separately to predict samples in
target strata Dy, and Dr,. We use repeated 10-fold cross validation with
a large hyperparameter grid to minimize the empirical risk of (2.17) within
each strata, employing log-loss” as our loss-function.!” Source strata Dy, for
J € {3,4,5} have a small sample size, (13,7,4) respectively. Thus, source
strata Dy, for j € {3,4,5} are merged with Dg, to train the random forest

8The original and pre-processed SPCC data can be found here: SPCC data link.
9The log-loss (also referred to as cross-entropy loss) compares the output of a classification
f(x) € [0,1] with the true output y for an observation (x,y) via fiogloss(f(x),y) :=
—(ylog(f(x)) + (1 - y)log(1 - f(x))).
0We use the “ranger” random forest implementation in caret (Kuhn, 2008) for SNe
classification in this section. Repeated 10-fold cross-validation (with five repetitions)
is implemented with a large hyperparameter grid, containing four different numbers of
covariates to possibly split at in each node (3,5,8,10); five values for minimum node size
(3,5,7,10,20); and two different splitting rules (“gini” and “extratrees”). To optimize the
selected hyperparameter setting, we compute the average log-loss via cross-validation on
source data. Using StratLearn, cross-validation for hyperparameter selection (optimizing
the average log-loss) is done on each source group separately. We employ the log-
loss to compute the empirical risk by evaluating the loss function I(f(x),y) on each
sample separately as described in Section 2.2. The AUC (used to assess target predictive
performance in this example) does not include the evaluation of a loss function that
compares the true label y and prediction f(x) for each sample x separately. However,
to demonstrate robustness w.r.t. the choice of hyperparameter optimization, we also
compute the AUC on source data (on each source group separately) via cross-validation,
which leads to the same hyperparameter setting as using the log-loss.
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to predict Dy, for j € {3,4,5}. With StratLearn, we obtain an AUC of 0.958
on the target data (blue ROC curve in Figure 2.7), very near the optimal
‘gold standard’ benchmark.

Figure 2.7 compares StratLearn to importance sampling methods designed to
adjust for covariate shift. For importance sampling, the bootstrapped sam-
ples in the random forest fit were resampled with probabilities proportional
to the estimated importance weights (see Section 2.2.3). NN and IPS led
to the best importance weighted classifier (AUC = 0.923, 0.921) — an im-
provement over the biased fit, but substantially lower than StratLearn. AUC
standard errors (see Figure 2.7) are small relative to the large performance
improvement of StratLearn. KLIEP failed to fit importance weights and is
thus not included in the results. We also implemented IWCV using the same
hyperparameter grid as for StratLearn, and a combination of IWCV and im-
portance sampling, which both led to lower AUC than the ones reported in
Figure 2.7 (see Section A.1).

Previous state-of-the-art methods report an AUC of 0.855 (Lochner et al.,
2016) using boosted decision trees, 0.939 (Pasquet et al., 2019) using a frame-
work of an autoencoder and a convolutional neural network and 0.94 (Revs-
bech et al., 2018) using LC augmentation and target data leakage, all lower
than StratLearn.

BALANCE ASSESSMENT ON UPDATED SPCC DATA: To illustrate the bal-
ancing property of propensity scores (see Section 2.3.3) and its effect on pre-
dictive target performance, we assess the covariate balance in the updated
SPCC data within strata conditional on the estimated propensity scores, by
means of two commonly used balance measures: absolute standardized mean
differences (SMD) and the Kolmogorov-Smirnov test statistics (KS-stats)
(Austin, 2011, Austin and Stuart, 2015).

Figure 2.8 provides a detailed covariate balance comparison, by plotting the
“raw” SMD against the StratLearn SMD in stratum 1 (black) for each co-
variate. We remove two outliers (redshift and brightness) with very large

“raw” SMD (1.1 and 1.7), because including them in the Figure makes it
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more difficult to illustrate the balance of the bulk of the covariates; both are
well balanced in stratum 1 using StratLearn (SMD equals 0.12 and 0.17).
Points below the diagonal line are better balanced in the stratum than in
the “raw” non-stratified data. This is the case for the vast majority (71%)
of black points in Figure 2.8, illustrating the balance improvement achieved
with StratLearn.

Figure 2.8 also plots (red) the SMD achieved by STACCATO (Revsbech
et al., 2018), which uses two covariates (redshift and brightness, as opposed to
the 102 used by StratLearn) in the logistic regression to estimate propensity
scores. While STACCATO improves the balance of the majority (69%) of the
covariates, most (66%) black (StratLearn) SMD have smaller vertical values,
indicating better balance than STACCATO (red).

On average across the 102 covariates, StratLearn improves covariate balance

compared to the “raw” non-stratified data measured by SMD by ~70% in
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Figure 2.8: Absolute standardized mean differences between
source and target data of stratum 1 plotted against “raw” data
absolute standardized mean differences for StratLearn and STAC-
CATO.

stratum 1 and ~10% in stratum 2 (KS-stats: ~70% in stratum 1 and ~30% in
stratum 2)!'. It further improves upon STACCATO by ~36% in stratum 1
and ~46% in stratum 2 using SMD (KS-stats: ~24% in stratum 1 and ~36%
in stratum 2). The remaining strata contain too few source data to assess

covariate balance. Details are provided in Table A.2.

The improved covariate balance (reduced covariate shift) directly translates
into improved predictive performance. STACCATO (including data aug-
mentation and target data leakage, mostly unavailable in practice) yields a
target AUC of 0.94, whereas with StratLearn we obtain a target AUC of 0.958
(without data augmentation and no target data leakage) — a substantial im-
provement resulting from the improved covariate balance by accounting for
potentially confounding covariates. In general, we note that balance is partic-

ularly important for covariates that are strongly predictive for the outcome.

HPercentages are calculated by taking the ratio of the average SMD (average KS-stats)
of all 102 covariates.
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Table 2.4: Strata composition on the updated SPCC data (Section 2.5), applying STACCATO
(left) and StratLearn (right). The number of SNe, as well as the number and proportion of
SNla are presented in source and target stratum 1 and 2. For conciseness, we present the
combined strata 3 to 5, containing too little source data for meaningful comparison of the

SNla proportions.

STACCATO StratLearn
Number Number Prop. Number  Number Prop.
Stratum Set of SNe of SNIa of SNIa of SNe of SNIa  of SNIa

1 Source 924 414 0.45 958 518 0.54
Target 3340 1125 0.34 3306 1790 0.54

2 Source 153 125 0.82 120 28 0.23
Target 4111 973 0.24 4144 927 0.22

3tob  Source 25 19 0.76 24 12 0.5

Target 12,765 2431 0.19 12,766 1812 0.14

Domain-specific expertise might be necessary to identify such covariates in
the individual cases in practice. In Section 2.4.2, we demonstrate how co-

variate balance can be improved by adjusting the propensity score model.

Table 2.4 presents the composition of the five StratLearn strata. Recall that
according to Remark 1, conditional on the propensity score the marginal
distributions of source and target outcome are the same in expectation. Ta-
ble 2.4 shows that the proportion of SNIa in the source and target data (which
in this case can be computed from knowledge of the true target labels in the
simulation) align well for StratLearn in the first two strata, indicating the
expected reduction in covariate shift. The source sample sizes in strata 3-5
are quite small, rendering meaningful comparison of the SNIa proportions
impossible. In Strata 1 and 2, however, StratLearn achieves much better
balance than either STACCATO or the raw (un-stratified) data (51% SNIa
in source, 23% SNIa in target).

In Table 2.5, we demonstrate how predicted outcomes can be employed for
balance diagnostics by assessing the predicted proportions of SNIa within
strata obtained by STACCATO and by StratLearn. For both methods, we
compute the predicted outcomes by classifying objects to be SNIa if the (ran-
dom forest) predicted SNIa probabilities are above 0.5. While STACCATO

leads to a strong discrepancy between predicted SNIa proportions in the
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Table 2.5: OQutcome balance diagnostics via predicted labels on the updated SPCC data
(Section 2.5), applying STACCATO (left) and StratLearn (right). The number and proportion
of predicted SNla are presented in source and target stratum 1 and 2. P-values are computed
via Fisher's exact test of independence between predicted SNla target and source proportions

within strata.

STACCATO (predicted) StratLearn (predicted)
Number Prop. p-value Number Prop. p-value
Stratum Set of SNIa of SNIa of SNIa of SNIa
1 Source 414 0.45 8.4e-11 518 0.54 0.284
Target 1106 0.33 1853 0.56
2 Source 125 0.82 2.8e-13 28 0.23 0.749
Target 2166 0.53 1040 0.25

first two strata (indicating remaining confounding), StratLearn leads to well-
matched predicted SNIa proportions. We further quantify the discrepancy
by performing a two-sided Fisher’s exact test of independence, with the null
hypothesis that there is no association of source/target set assignment and
predicted SNIa proportion. Comparing different propensity score models, a
higher p-value is an indicator for better balance in the predicted outcomes,
and should thus be desirable. StratLearn leads to much higher p-values than
STACCATO (failing to reject the null hypothesis for reasonable significance
levels), which implies much weaker relation between source/target assign-

ment and predicted outcomes.

In this particular example, with StratLearn, we fail to reject the null hy-
pothesis for most significance levels. This may not always be the case (e.g.,
Section A.2). We recall that the strategy of conditioning on propensity scores
via stratification leads to subgroups with similar (not identical) propensity
scores, and thus to similar (not identical) joint distributions within strata
(this is the approximation in (2.16)). This in turn might lead to differences
in the distributions of the covariates and the (predicted) outcomes, even if
we could condition on the true propensity scores. We thus employ the p-
values of (predicted) outcomes as an additional tool to asses, and primarily
to compare, propensity score models to detect and reduce confounding of

highly predictive and thus most relevant covariates.
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2.6 CONDITIONAL DENSITY ESTIMATION — PHOTO-z REGRESSION

OBJECTIVE: The wavelength of light from extragalactic objects is stretched
because of the expansion of the universe — a phenomenon called ‘redshift’.
This fractional shift towards the red end of the spectrum is denoted by z. A
precise measurement of redshift allows cosmologists to estimate distances to
astronomical sources, and its accurate quantification is essential for cosmo-
logical inference (e.g., redshift is a key component of the Big Bang theory).
Because of instrumental limitations, redshift can be precisely measured only
for a small fraction of the ~ 10”7 galaxies observed to date (set to grow to
~ 10? within a decade). These source data are subject to covariate shift rela-
tive to the set of galaxies with unknown redshift (target). Izbicki et al. (2017)
employed importance weighting to adjust for covariate shift in x, a set of ob-
served photometric magnitudes (a logarithmic measure of passband-filtered
brightness), when estimating z. They obtain a non-parametric estimate of
the full conditional density, f(z|x), to quantify predictive uncertainty of red-
shift estimates. Proper quantification of predictive uncertainties is crucial to
avoid systematic errors in the scientific downstream analysis (Izbicki et al.,
2017, Sheldon et al., 2012). Using the same setup and conditional density
estimation models (hist-NN, ker-NN, Series and Comb, detailed in Izbicki
et al. (2017)),'? we show that StratLearn leads to better overall predictive

performance than importance weighting.

Assuming that source and target data follow the same distribution, under
the L2-loss, conditional density estimators typically aim to minimize the

generalized risk (generalized in that the underlying loss can be negative):
s iy oL N [ g2 0 LY (0 ()
Rs(f)y=—>" | flah{dz—2=> fz" kg, (218)
S = S =
Following the arguments in Izbicki et al. (2017), we provide derivations of

the generalized risk presented in (2.18) in Section A.3.1. To provide an in-

tuition for the generalized risk in (2.18), the second part of (2.18) computes

12For the computation of the conditional density estimators we used code by Izbicki et al.
(2017) (link).
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the values of the conditional density estimates at the true spectroscopic red-
shift (known for the source data), which is optimized if the true redshift is
at (or close to) the mode of the conditional density estimate f(zilx;) with
low uncertainty otherwise (the Dirac delta distribution at the true redshift
value is the optimal limiting case). On the contrary, the first part of (2.18),
which integrates the squared conditional density estimates over the redshift
range (without information of the true redshift), is minimized for flat condi-
tional density estimates, penalizing very certain predictions. Thus, overall,
estimates that are very certain, but fail to cover the truth, lead to a high

risk.

Izbicki et al. (2017) propose to adjust for covariate shift by adapting (2.18),
via optimizing weighted versions of the conditional density estimators (Izbicki
et al., 2017, Sections 5.1-5.3) with respect to an importance weighted gener-
alized risk:

R . 1 nr R 1 ns R A
Ra(h = 3 [ Pz =20 3 PO, (219
k=1 k=1

where the weights, w(xg) = pr(x)/ps(x), are estimated using the methods
described in Section 2.2.3. As their best performing model for f(z|x), Izbicki

et al. (2017) propose an average of importance weighted ker-NN and Series,

p p
F(zlx) = Zakfk (z|x), with constraints (i): @; > 0, and (ii): Z ay =1,
k=1 k=1
(2.20)

referred to as ‘Comb’ (i.e., combination), where p = 2 and «; is optimized to

minimize (2.19).

With StratLearn, we optimize the unweighted conditional density estimators
(hist-NN, ker-NN;, Series) by minimizing (2.18) in each source stratum sepa-
rately (accounting for covariate shift following Proposition 1). We also pro-
pose a StratLearn version of Comb by optimizing (2.20) on each source stra-
tum separately (via the generalized risk in (2.19) with w(x) = 1), including
ker-NN and Series (each optimized via StratLearn beforehand). StratLearn
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and the other methods are compared with a ‘Biased’ (unweighted) method
that simply optimizes (2.18). We abbreviate the combination of each method
(StratLearn, Biased, and each of the weighting methods in Section 2.2.3) with
the models for f(z|x) (hist-NN, ker-NN, Series and Comb) as Methodyoqel-

DATA:  We use the same data as Izbicki et al. (2017), consisting of 467,710
galaxies from Sheldon et al. (2012)'3, each with spectroscopic redshift z (mea-
sured with negligible error), and five photometric covariates x. As in Izbicki
et al. (2017), we use the r-band magnitude and the four colors (differences
of magnitude values in adjacent photometric bands) as our covariates. We
denote this spectroscopic source sample by Dg. To simulate realistic covari-
ate shift, we follow Izbicki et al. (2017): starting from Dg, we use rejec-
tion sampling to simulate a photometric, unrepresentative target sample D7,
with the prescription p(s = 0|x) = fp(13.4)(x(r))/maxy,, fp(13.4)(x(r)), where
X(r) is the r-band magnitude and fp(134) is a beta density with parameters
(13,4). Additionally, we investigated adding k € {10, 50} i.i.d. standard nor-
mal covariates as potential predictors to the 5 photometric covariates. This
simulates the realistic case where additional potentially confounding covari-
ates are present. For comparability, we follow Izbicki et al. (2017) and use
|Dgrain| = 2800 galaxies randomly sampled from Dy as training data, plus a
validation set of |D§al| = 1200 galaxies. We assess the performance of each

Methodyiodel pair using a random subset of D7, i.e., |DtTeSt| = 6000.

REsuLTs: For evaluation of f under each Methodyjogel pair, we use the

(in our simulation) known target redshifts, z7, to compute the target risk,

(k)
S

Rr( f), via a non-weighted version of (2.19) with x .’ and ygk) replaced by

x;k) and y(Tk), given by:

. R 1 nr . 1 nr .
Br(f) =3 [ Paaz -2 3 FEP D). (2.21)
k=1 k=1

13The data in Section 2.6 was used by permission of the original authors of Sheldon et al.
(2012).
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Figure 2.9: Target risk (Ry) of the four photo-z estimation models under each method
(different colors), using different sets of predictors. Bars give the mean + 2 bootstrap standard

errors (from 400 bootstrap samples).

Figure 2.9 compares the resulting target risk Ry across models and covariate
sets, showing that StratLearncymp gives the best performance in all three

covariate setups.

For small covariate space dimension (Figure 2.9, left panel), StratLearncomp
improves upon StratLearnge,.nyy and StratLearngeries, optimizing the source
risk in each stratum separately and combining their predictions. In the pres-
ence of potential additional confounding covariates (Figure 2.9, middle and
right panels), the performance of the Series estimator degrades strongly un-
der most methods. In these cases, StratLearncomp exploits the higher per-
formance of StratLearnye, yy. In contrast, for the non-adjusted (Biased) and
importance weighted methods (e.g. IPS), the combination of approaches
(Comb) does not necessarily lead to improved performance (e.g., IPScomb
exhibits a higher target risk than IPSye.nn on its own (Figure 2.9, right
panel)), indicating that the optimization in (2.20) fails due to remaining co-
variate shift in the data. More precisely, the weighted empirical source risk
minimization ((2.19), as a form of (2.1)) does not lead to target risk minimiza-
tion in these situations. In general, the improvement of StratLearn relative to
weighting methods increases with the dimensionality of the covariate space,

leading to a more robust regime.

60



2.7 DISCUSSION

In this chapter, we provide a novel framework for learning under covariate
shift, theoretically justified and based on principles derived in the propensity
score causal inference framework (Rosenbaum and Rubin, 1983). Our ap-
proach is computationally efficient, easy to implement and readily adaptable
to various data applications. We show that StratLearn outperforms a range
of state-of-the-art importance weighting methods both on toy covariate shift
examples and on contemporary research questions in cosmology, especially
in the presence of a high dimensional covariate space. Our framework is
entirely general and versatile, as demonstrated with examples of regression,
conditional density estimation and classification. We believe it may become
a powerful alternative to importance weighting, with a myriad of possible ex-
tensions and applications. We provide an extensive discussion of StratLearn,
with limitations and prospective future work in Section 5.1. In the next
section, we demonstrate the broad utility of StratLearn by employing it for

photo-z calibration for weak lensing.
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IMPROVED WEAK LENSING
PHOTOMETRIC REDSHIFT
CALIBRATION VIA STRATLEARN
AND HIERARCHICAL MODELING

OVERVIEW: Discrepancies between cosmological parameter estimates from
cosmic shear surveys and from recent Planck cosmic microwave background
measurements challenge the ability of the highly successful ACDM model to
describe the nature of the universe. To rule out systematic biases in cos-
mic shear survey analysis, accurate redshift calibration within tomographic
bins is key. In this paper, we improve photo-z calibration via Bayesian
hierarchical modeling of full galaxy photo-z conditional densities, by em-
ploying StratLearn, a recently developed statistical methodology, which ac-
counts for systematic differences in the distribution of the spectroscopic
training/source set and the photometric target set. Using realistic simu-
lations that were designed to resemble the KiDS+VIKING-450 dataset, we

show that StratLearn-estimated conditional densities allow improvement of
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the galaxy tomographic bin assignment. Given the improved bin assignment,
our StratLearn-Bayesian framework leads to nearly unbiased estimates of the
target population means, improving upon previously best photo-z calibration
methods.

3.1 INTRODUCTION

Cosmological parameter estimation from the cosmic microwave background
(CMB; Miville-Deschénes et al. 2020) and from tomographic cosmic shear
measurements (Hildebrandt et al., 2020, Troxel et al., 2018, Hikage et al.,
2019) lead to discrepancies in the estimated clustering strength of dark mat-
ter. Such systematic discrepancies challenge the highly successful dark energy
and cold dark matter paradigm (ACDM) in describing the true nature of the
Universe. Of course, such a claim needs critical and detailed consideration
of the surveys and analysis steps performed by the various collaborations to
rule out systematic biases in the different procedures, which might explain the
discrepancies. Extensive explorations of various survey, model, and analysis
modifications have been performed (Hildebrandt et al., 2020), demonstrat-
ing that a modification of the redshift calibration approach might explain
the observed discrepancy with the Planck CMB results. Comparing the
methodologies applied by the Dark Energy Survey (DES; Troxel et al. 2018),
Hyper-Suprime Camera (HSC; Hikage et al. 2019), and the Kilo-Degree Sur-
vey (KiDS; Hildebrandt et al. 2020) collaborations, the redshift calibration
approach constitutes the most fundamental difference (Hildebrandt et al.,
2020, Wright et al., 2020). To investigate discrepancies to the Planck CMB
estimates, careful consideration of the redshift calibration method used in

cosmic shear tomography is thus fundamental.

In cosmic shear tomography, galaxies are assigned to (pre-defined) tomo-
graphic redshift bins (Wright et al., 2020, Porqueres et al., 2021) based on
an estimate of their photometric redshift (photo-z). If the estimated popu-
lation redshift distribution (within a tomographic bin) differs systematically
from the (non-observable) true redshift distribution, the parameter estimates

from cosmic shear tomography might be systematically biased. For instance,
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if the estimated redshift distribution is systematically lower than it is in real-
ity, then observed gravitational distortions are attributed to an overly dense
and too highly clustered matter distribution. It is thus essential to obtain
accurate redshift distribution estimates. In particular, it is crucial to obtain
an unbiased estimate of the first moment (mean) of the true underlying red-
shift population distribution (within a tomographic bin), in order to avoid

such systematic biases in the analysis (Amara and Refregier, 2008).

Several redshift calibration methods have been investigated to improve cos-
mic shear tomography. Wright et al. (2019) group these approaches into three
categories: (i) cross-correlation with reference galaxy samples that have pre-
cise and accurate redshifts (Schneider et al., 2006, Newman, 2008, McQuinn
and White, 2013, Morrison et al., 2017); (ii) stacking of individual galaxy
redshift distributions (Hildebrandt et al., 2012, Hoyle et al., 2018, Tanaka
et al., 2018); and (iii) direct redshift calibration (Lima et al., 2008, Hilde-
brandt et al., 2016, 2020, Buchs et al., 2019, Wright et al., 2020). The idea of
direct redshift calibration is to reweight the distribution of spectroscopic red-
shift, obtained only for a small and non-representative subsample of the data
(source/training data), to match the distribution of the photometric target
data. In recent work, Wright et al. (2020) develop a direct redshift calibration
method based on self organising maps (SOM; Kohonen 1982), outperforming
previously proposed methods on comprehensive simulations designed to re-
alistically resemble the KIDS+Viking-450 dataset (Wright et al., 2019, 2020,
Hildebrandt et al., 2020). They obtain the tomographic bin assignment via
a Bayesian-Photometric-Redshift estimate (Benitez, 2000), further denoted
as zp, calculated for each galaxy. While improving on other direct redshift
calibration methods, the SOM method proposed in Wright et al. (2020) still
leads to potentially concerning bias in some tomographic bins, and only al-
leviates this bias by introducing systematic quality cuts to the data, which
increases error bars on the fitted parameters in the scientific analysis and

might lead to systematic errors.

In this paper, we propose a different strategy to improve redshift calibra-
tion, based on galaxy (object level) conditional photo-z density estimates.

More precisely, we employ StratLearn, that allows principled photo-z con-
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ditional density estimation under non-representative source/training data.
StratLearn alleviates (or bypasses) the problem of non-representative source//-
training data (identified as covariate shift), by subgrouping the data into
strata based on estimated propensity scores. In the context of this chap-
ter, the propensity score is the probability of a galaxy being assigned to the
spectroscopic training/source set given the observed covariates (photometric
magnitudes/colors). In Chapter 2 of this thesis, we demonstrate that fitting
conditional density estimators within strata, constructed by partitioning the
data based on the estimated propensity scores, strongly improves full con-
ditional photo-z density estimates under-non representative source/training
data. Here, we show that the StratLearn conditional densities' can be used
directly to improve the tomographic bin assignment, by assigning each galaxy
to the tomographic bin with its highest conditional probability. In a second
step, we construct a Bayesian hierarchical framework to model summaries of
the object level conditional densities (within tomographic bins), leading to
nearly unbiased estimates of the target population means. We evaluate our
novel StratLearn-Bayes approach on comprehensive simulations constructed
by Wright et al. (2020), demonstrating a substantial reduction of bias com-
pared to the previously proposed SOM calibration method (Wright et al.,
2020).

The remainder of the paper is structured as follows. In Section 3.2.1, we
specify notation and we formally introduce the underlying covariate shift sce-
nario, arising through the non-representativeness of the spectroscopic train-
ing/source data. In Section 3.2.2, we summarize the direct redshift calibra-
tion method, as introduced in Lima et al. (2008) and recently improved in
Wright et al. (2020). We then briefly introduce the supervised learning task
with a focus on conditional density estimation under the covariate shift sce-
nario. In Section 3.3, we formally introduce our approach. In Section 3.3.1,
we provide detailed instructions on estimating conditional densities under

covariate shift within StratLearn. We then specify how these conditional

'We note that the conditional density estimators themselves are not part of the StratLearn
methodology, and have been proposed elsewhere (Izbicki et al., 2017, Izbicki and Lee,
2016). For conciseness, we loosely refer to the conditional density estimates obtained
within the StratLearn framework as ‘StratLearn conditional densities’.
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densities can be used to improve galaxy tomographic bin assignment (Sec-
tion 3.3.2). In Section 3.3.3, we demonstrate how summaries of the estimated
conditional densities can be employed in a Bayesian hierarchical framework
to accurately estimate the redshift population means (per tomographic bin).
In Section 3.4, we provide proof of concept how inverse propensity score
weighting (inverse-PS) can be employed to estimate the redshift population
shapes (per tomographic bin). In Section 3.5, we present numerical evalua-
tion of our newly proposed method. We first introduce the simulation study
used to evaluate our proposed StratLearn-Bayes method in Section 3.5.1. We
then evaluate our new bin assignment with a comparison to the previously
used zp bin assignment (Section 3.5.2). We present our redshift calibration
results in Section 3.5.3, and illustrate preliminary inverse-PS results in Sec-
tion 3.5.5. Finally, in Section 3.6, we conclude with a short discussion of our

findings.

3.2 ADDRESSING THE NON-REPRESENTATIVE TRAINING DATA

3.2.1 NON-REPRESENTATIVE SPECTROSCOPIC DATA AND COVARIATE
SHIFT

Let z; be the true spectroscopic redshift of galaxy i, and x; be the vector of
its observed photometric magnitudes/colors (the exact choice of covariates
is described in Section 3.5.1). In a cosmic shear analysis, we have access to
a relatively small set of galaxies with measured spectroscopic redshift, which
for our purposes can be considered to be the true redshift. We denote this
spectroscopic set as source (or training) data Dg = {(xgi),zg))}?il, with ng
galaxies drawn from the joint distribution pg(x,z). The so-called “photo-z
estimation problem” (Hildebrandt et al., 2010, Izbicki et al., 2017, Freeman
et al., 2017, Jones and Heavens, 2019, Dey et al., 2023) is to find an estimate
for the true redshift of a much larger set of galaxies, for which only photo-

metric data xp are available, but not spectroscopically measured redshifts,
ne

=1’
unlabelled samples from the joint distribution pr(x,z) (with ny > ng). The

zr. We denote this photometric set as our target data Dy = {x(Ti) }oLo, with n,

problem is compounded by the fact that pgs(x,z) # pr(x,z), i.e., the spectro-
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scopic source and photometric target distributions differ systematically due
to selection effects in the acquisition of spectroscopy based on characteris-
tics of the photometric magnitudes, leading to ps(x) # pr(x). However, the
conditional distribution of redshift z given the magnitudes x are the same
in spectroscopic source and photometric target data, i.e. pg(z|x) = pr(z|x).
This situation, in which pg(z|x) = pr(z|x) but ps(x) # pr(x), is identified as
covariate shift, as defined in the previous chapter. As illustrated in Chap-
ter 2, if covariate shift is ignored, this leads to poor performance of machine
learning or other statistical methods that aim at learning the relationship be-
tween covariates and true redshift, since the training set is not representative
of the test set, implying lack of generalization.

3.2.2 RELATED LITERATURE — DIRECT REDSHIFT CALIBRATION

Since in the covariate shift scenario pg(z|x) = pr(z]x) but ps(x) # pr(x), it
generally follows that the redshift distribution of the spectroscopic set differs
from that of the target, ps(z) # pr(z). Direct redshift calibration methods
reweight the spectroscopic redshift sample to match the photometric redshift
distribution (Lima et al., 2008).

More precisely, with x denoting set of covariates, and z being the spectro-

scopic redshift, under the covariate shift scenario, it holds that

pr(z,x) = pr(zlx) pr(x) (3.1)
= ps(z|x)pr(x) (3.2)
_ pr(x)
- pS(Z’x) pS(x) (33)

That means one can express the joint target distribution by reweighting the
joint source distribution. Precisely, pr(z,x) = w(x)ps(z,x), with weights
w(x) = pr(x)/ps(x). In practice, one can reweight galaxies in the spectro-
scopic source set (with weights w(x)) to obtain a representative sample of
the joint target distribution. In principle, looking at the marginal sample of
z in the weighted joint distribution thus provides us a consistent estimate of
the target redshift distribution p7(z).
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Accurate estimation of the weights w(x) is key for direct redshift calibration
methods. Lima et al. (2008) and Hildebrandt et al. (2020) implement a k-
nearest-neighbor (kNN) method for weight estimation. Wright et al. (2020)
demonstrate improvement over the kNN method by computing the weights
via an SOM method, a form of unsupervised neural network which maps the

high-dimensional covariate space to a lower-dimensional grid.

Unfortunately, weighting methods typically entail high variance, particularly
if there is a small number of objects with very large weights. In addition,
finding a suitable set of weights w is not trivial, but key for direct calibration
methods. Noisy, inaccurate weights might lead to potentially severe bias and

strongly increased variance.

3.2.3 PHOTOMETRIC REDSHIFT REGRESSION

Instead of reweighting, our approach uses the labelled spectroscopic source
data as a training set to fit supervised full conditional density models. Our
trained models then deliver a non-parametric estimate of the full conditional
redshift (photo-z) distribution for each galaxy in the photometric target data
(conditional on its observed covariates), f (z]x). If source and target data fol-
low the same distribution, under the L2-loss, conditional density estimators

typically aim to minimize the generalized risk Rg(f) provided in (2.18).

In the presence of covariate shift, however, to obtain accurate target estimates
it is necessary to minimize the target risk Ry (f) as given via (2.21), which is
obtained by replacing all source samples in (2.18) with target samples, where
typically Rs(f) # Rr(f). The challenge is to minimize Ry (f) without access
to the target true redshift zz. In the next section, we briefly recapitulate how
we employ StratLearn, as introduced in Chapter 2 in this thesis, to minimize

Rr(f) via source data.
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3.3 STRATLEARN-BAYES PHOTOMETRIC REDSHIFT CALIBRATION

3.3.1 PHOTO-Z CONDITIONAL DENSITIES WITHIN StratLearn

In short, StratLearn allows target risk minimization by subgrouping the
source and target data into strata based on estimated propensity scores.
Within strata, the joint distribution of target data and source data are ap-
proximately the same, and target risk can thus be minimized via source risk
minimization. In the following, we provide a more detailed description of our

procedure.

In the context of this chapter, the propensity score e(x;), as defined in (2.8),
is the probability of a galaxy i being in the spectroscopic source data, given
its observed photometric covariates (colors/magnitudes) x;. In practice, we
obtain an estimate é(x;) of the propensity score via binary, probabilistic clas-
sification of source and target data using a logistic regression model with all
the photometric magnitudes/colors as independent variables (main effects)
and source/target set assignment as the binary dependent variable.? As sug-
gested in Chapter 2, we then subgroup (stratify) the source and target data
into k = 5 groups, based on the quintiles of the estimated propensity score

distribution é(x).

Then, within strata, by Proposition 1 (in Chapter 2), it holds that

p1;(2,x) = ps,;(z,x), for je1,...,k, (3.4)

where §; indicates conditioning on assignment to the j’th source stratum
(analogously for target T;). It directly follows that Iérj( f) ~ Iésj (f) within
strata j € 1,...,k. Thus, we can minimize the target risk IéTj (f) within

strata by minimizing the source risk Rg i ( f ) within strata.

2To provide an intuition for propensity score estimation, for example, if we had only one
photometric band, and e.g., 10 galaxies with the same magnitude with 2 galaxies being
in the spectroscopic source sample and the remaining 8 galaxies being in the photometric
target sample, then the estimated propensity score for said galaxy would be 1/5. Of
course, our photometric set has more than one dimension and continuous covariate val-
ues, which motivates the use of binary probabilistic classification models (e.g. logistic
regression) to discriminate source and target data assignment.
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Given the strata conditional on the estimated propensity score, we can now
fit any supervised model on the spectroscopic source data within each stra-
tum and predict on its respective photometric target stratum. As suggested
in Chapter 2, within each strata, we employ a weighted average (convex
combination) of two conditional density estimators: ker-NN (Izbicki et al.,
2017) and Series (Izbicki and Lee, 2016). The kernel nearest neighbor esti-
mator (ker-NN) computes the conditional density of an object via a kernel
smoothed histogram of the redshift of its nearest neighbors. The spectral
series estimator (Series) estimates the conditional densities by adapting to
an intrinsic dimension of the data, as a lower-dimensional subspace of the
covariate space, based on data-dependent eigenfunctions of a kernel-based
operator (Izbicki and Lee, 2016). We refer to Izbicki et al. (2017) and Izbicki
and Lee (2016) for additional details on these estimators. We combine both
estimators with the rationale that, due to their differing working mechanisms,
each of them performs better in a different regime, leading to a more robust

combined estimator.?

Firstly, we individually optimize the conditional density estimators (ker-
NN, Series), minimizing (2.18) in each source stratum separately. Our final
StratLearn conditional density estimate is then obtained by combining the
ker-NN and Series conditional density estimates fker_NN(z|x) and fseries(z|x)

via optimizing
f(zlx) = (1 - al)fSeries(Z|x) + a’lfker—NN(le)’ (35)

constraining, 0 < a; < 1. The parameter @7 is optimized to minimize the

generalized risk

Rea() = / Pz - 2 Zf(z“‘) O (36)

We note that (3.6) displays the risk presented in (2.19), setting w(x) = 1
The risk in (3.6) only differs from (2.18) by integrating over the photometric

3We refer the interested reader to the ensemble learning literature for further background
(Wolpert, 1992, Van der Laan et al., 2007, Naimi and Balzer, 2018).

70



sample x7 instead of the spectroscopic xg, which does not require any target
redshift zz. Finally, (3.5) provides us with a galaxy-per-galaxy full condi-
tional density redshift estimate f (z]x). Some illustrative examples of the
resulting galaxy conditional density estimates are shown in Figure 3.1. In
Section 3.5.1, we provide additional details on computation and parameter

optimization of the conditional density estimators.

3.3.2 TOMOGRAPHIC BIN ASSIGNMENT

For cosmic shear analysis, the photometric galaxies are assigned to tomo-
graphic bins, preferably based on an accurate estimate of their redshift.
Wright et al. (2020) (and others) use the posterior mode of the zp esti-
mate (the Bayesian-Photometric-Redshift estimate; Benitez 2000) to assign
the photometric galaxies to five non-overlapping tomographic redshift bins:
(0.1,0.3], (0.3,0.5], (0.5,0.7], (0.7,0.9], (0.9, 1.2]; we denote these ranges as
bins 1 through 5, respectively. Galaxies with zp estimates outside of the five

bin ranges (zp < 0.1 and zp > 1.2) are discarded.

Our approach provides galaxy-per-galaxy estimates of photo-z. Instead of
relying on zg, we can therefore evaluate our conditional density estimates
f(zilx:) to provide an alternative tomographic bin assignment for each galaxy
i. A natural choice is to assign each galaxy to the bin which contains the
highest conditional probability: let b(i) be the bin assignment of galaxy i,
then

b(i) = argmax,, f(zilx)dz, m=1,...,5,1r, (3.7)

B(m)
with B(i), i = 1,...,5 specifying the five tomographic bin redshift ranges.
B(l) :={z]z < 0.1} and B(r) := {z|z > 1.2} specify two end bins for galaxies
outside of the bin ranges, which are not used in the analysis. Figure 3.1 shows
examples of conditional density estimates, plotted on the tomographic red-
shift bin grid. The assigned bins b(i) with highest conditional probabilities

are shaded.
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Figure 3.1: Examples of conditional density estimates f (z;|x;), for galaxies in the photometric
target samples, illustrated on the tomographic bin grid. The StratLearn assigned bin (the one
containing the highest conditional probability) is shaded in blue. The true spectroscopic
redshift is shown by the red cross. A fraction of 30% appear to have a normal shape like in
the top left example, but many conditional densities can be skewed and multimodal. Normal
distributions with the same means and variances as the conditional density examples f(zi|x,~)

are added as dashed lines (as discussed in Section 3.3.3.)

3.3.3 BAYESIAN HIERARCHICAL MODELLING OF CONDITIONAL DENSI-
TIES

In this section, we detail our Bayesian hierarchical framework for accurate

estimation of the redshift population mean within each tomographic bin,
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given the object-level conditional density estimates. Employing a hierarchical
Bayesian framework allows us to model the conditional density estimates in a
statistically principled framework, with optimal shrinkage on the object-level

photo-z estimates, presumably leading to more precise population estimates.

Our target is to accurately estimate the population mean p, of z; (i =
1,...,n7p, with nyp being the number of galaxies within tomographic bin
b.), which has been shown to be most crucial in the calibration of photo-z
populations (Amara and Refregier, 2008). To this aim, we model the red-
shift population within each bin as a normal distribution — a convenient
choice that facilitates the introduction of a hierarchical Bayesian framework.

Specifically, on the redshift population level, we model
Population Level:  z;|up, 0p indep. N(up, 0'b2), (3.8)

with 0'13 being the redshift population variance. On the object (galaxy) level,
f(zilx;) is an estimate of the conditional density p(z;]x;). Via Bayes theorem,

the conditional density p(z;|x;) can be expressed via

p(zilxi) o« p(xilzi) p(zi). (3.9)

By assuming a flat prior on z; (e.g., a uniform prior within the spectroscopic

redshift range), we have p(z;) oc 1. Then, (3.9) simplifies to

p(zilx;) o< p(xilzi). (3.10)

We can now formulate the joint posterior distribution p(z1, . . ., Zny,, b, 0| X),
with X := {x;}77, via

p(Zla ey anba /-'lb, O-blx) Ocp(X|Z15 ey Zl’lrb’ ﬂb’ O-b)

P21,y Zngy | by o) P (1D, OB) (3.11)
=p (> op) ]__[ p(xilz0) p(zil s o) (3.12)
<p(pp, op) ]f[p(zﬂxi)p(zimb,ab), (3.13)
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where (3.11) to (3.12) holds due to the independence in (3.8) and the con-
ditional independence x; W ({z;};#i, s, 0p)|zi. That is, given the redshift
z; for an object i, its distribution of the photometry x; does not depend on
other observed redshifts, nor on the parameters describing the population of
redshift. (3.12) to (3.13) follows from (3.10). Since we are not interested in
the object-level redshifts z; themselves, but rather in an accurate estimate
of the population-level mean, u,, we integrate over the galaxies’ redshifts to

obtain the marginal posterior

p(up, op|X) o< p(up, op) n/p(Zi|xi)p(Zi|ﬂb,0'b)dZi- (3.14)

(GAUSSIAN REPLACEMENT OF CONDITIONAL DENSITIES: Instead of using
directly the conditional density estimates f(z;|x;) derived from the data, we

simplify the problem further by modelling p(z;|x;) as normal distributions:

zilx; "EP N (& 72). (3.15)
The replacement of the conditional density estimates f (zi|x;) via normal dis-
tributions has two main reasons. Firstly, by modeling both the population-
and object-level distributions as Gaussians, the resulting Bayesian posterior
distribution for the population mean can be calculated analytically. This
allows us to scale our model to the large photometric data at hand. Sec-
ondly, and more subtly, because the redshift of the spectroscopic data has a
limited range, the conditional densities of photo-z are truncated, and have
no (or little) mass in z-regions with no (or little) spectroscopic samples, lead-
ing to conditional densities skewed away from the redshift boundaries. The

Gaussian replacements, being symmetric by construction, appear to adjust
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for these boundary effects.?

The estimate of the object-level mean ; is simply the mean of the conditional
density estimate, f (zi|x;), while the object-level Gaussian variance ‘Fl.z is ob-
tained by computing the variance of f (zilx;).> More precisely, by considering

~

f(zi|x;) as a histogram evaluated on K bins, we have

. 1
#2

i

=—— > @il i = &2, 3.16
2k Sy (zilxi) Zk: i (8:16)

where k = 1,..., K specifies the histogram bin with location my, and fmk
is the value of the conditional density (histogram) at location m;.% The

summary statistics & and f'l? are thus considered to be observed quantities,

nrp

summarized by Xb = {Zh 7A'i}l-zl-

Then (3.14) can be written as

p(up, 0| Xp) o p(up, op) l_[ / N(zil&i, T2)N (zilup, o) dzi, (3.17)
i

where N(t|6, $?) is the probability density function (pdf) of a normal distri-

bution with mean 6 and variance ¢, evaluated at location .

The integral in (3.17) can now analytically be solved (see Section B.1 in

4In our simulations, we also investigated a hierarchical model based on the conditional
densities f (zi]x;) directly (without Normal replacement). In this case, we obtained the
posterior distributions via MCMC sampling using only a small fraction of the target
data due to computational limitations. Surprisingly, (given the results on the subset) the
Normal-Normal model led to better estimates of the population means than using the
conditional density estimates directly. This effect was consistently apparent for various
simulation variations, e.g. using various subsets of the (non-weighted) full photometric
sample (from the blue dashed distribution in Figure 3.2), and for different subsets of
the weighted full photometric sample (from the green dashed distribution in Figure 3.2),
demonstrating some robustness w.r.t. the underlying simulation. Further analysis might
be helpful to study the effect of the Normal replacement in more detail in future work.
SWith (3.15) we implicitly assume that p(z;|x;, &, ‘f'l?) = p(zildi, ‘f'l?), that is, given ; and fl.z
the galaxy redshift distribution is independent of its photometric magnitudes x. This is a
simplifying assumption, mainly to allow analytical calculation of the Bayesian posterior
distribution as detailed in Section 3.3.3.

SWe note that by bins k (with locations m(k)), we refer to the density (histogram) bins
and not the tomographic redshift bins.
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the Appendix for theoretical justifications) to obtain the (joint) marginal

posterior density as

(. 01 Xp) o p(pp, o) 1_[ N(&ilpp, T2+ 02). (3.18)

We can now compute the posterior distribution of u; given b, Xp (with

uniform conditional prior density p(up|op)) via

ﬂblo-b’ )A(b ~ N(/jb’ Vﬂb)’ (319)
with
S =l
fip = —b and V! Z — (3.20)
D fZW 7+ O'b

with V being the total precision.

Since we are not interested in uncertainty on o}, we choose an empirical
Bayesian approach by setting o} as a fixed value estimated from the data.
An obvious estimate for o}, is the MAP estimate of the marginal posterior
p(0p|Xp) (shown in the Appendix (B.6)), which can be obtained numerically
via sampling from p(op|X)). However, in our simulations, we found that
the MAP estimate strongly and consistently underestimates 0. We thus
choose a different strategy to estimate o from the data as detailed in the

next paragraph.

Finally, given an estimate of 0}, an estimate of u; can be obtained analyti-
cally via (3.20), with f, being the MAP estimate of u.

POPULATION VARIANCE ESTIMATION VIA STACKING OF CONDITIONAL DEN-
SITIES: Here we demonstrate our strategy of estimating the population vari-
ance 0'1? via a “stacked estimate” of the marginal redshift population distri-
bution py(z) of galaxies within tomographic bin b. More precisely, we obtain

an estimate ﬁztaCk(z) of pp(z) via averaging (stacking) over the conditional
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densities within bin, that is,
. 1 P
pztaCk(Z) — E Zf(szcj), (3.21)
J

with X;,j = 1,...,n1p, being the photometric magnitudes of the observed
galaxies within tomographic bin b. (The stacked estimator presented in
(3.21) is justified later in this paragraph.)

An estimate for the redshift population variance 0'3 can then be obtained by

calculating the variance of ﬁZtaCk(z), via

R 1 R .
£=§;E@;z5§}ﬁx%@xmwyﬁﬁ“%% (3:22)
b,m(k) k

where k = 1,...,K specifies the (density/histogram) bin with location my,

sstack
Pi,iik)
tion m(k), and zi),*t2k

~stack

is the value of the stacked density (histogram) p5'*“ of bin b at loca-
is the mean of ﬁZtaCk(z). An estimate of the population
standard deviation o}, is then obtained by simply taking the square-root of

(3.22).

We compute two different versions of (3.22). Firstly, we compute (3.22) via
stacking over f(z;|x;), the galaxy conditional density estimates obtained via
StratLearn. We denote this method as option StratLearn-Bayes (A). Sec-
ondly, we substitute the conditional density estimates f(z;|x;) with the nor-
mal replacements described in (3.15). We denote this option as StratLearn-
Bayes (B).

We now justify the stacked estimator of the marginal redshift population

distribution pp(z) in (3.21). Precisely, we can express pp(z) via

m@=/m&m%mw, (3.23)

with x being photometric magnitudes/colors, p,(x) being the distribution of
the covariates (magnitudes/colors) of bin b, and pp(z|x) being the conditional

distribution of redshift z given covariates x of bin . By assuming the set
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of photometric magnitudes/colors to be finite, and assuming that the condi-
tional distribution of z given x is the same for all bins (i.e., pp(z|x) = p(z|x)),

we obtain
py(2) = Z p(zlx = xi)pp(x = x;). (3.24)

Via StratLearn, we obtain an estimate of the conditional densities p(z;|x;) =
f(zi|x;). Since z; i p(2), it holds that p(z|x = x;) = p(zilx = x;) ~ f(zi|x).
Further, we can approximate p,(x = x;) by counting occurrences of x; in the
sample of observed magnitudes/colors within tomographic bin b. Alterna-
tively, averaging over all estimated conditional densities f (zilx;) of galaxies
in bin b directly incorporates these occurrence frequencies, leading to the

estimator in (3.21).

3.4 ESTIMATION OF THE POPULATION DISTRIBUTION VIA INVERSE-
PROPENSITY SCORE WEIGHTING

In Section 3.3.3, we develop a hierarchical Bayesian framework to accurately
estimate the photometric redshift population means (as demonstrated in the
numerical evaluations in Section 3.5) within tomographic bins. While there
is a longstanding argument that the population mean is most crucial for
photo-z calibration (e.g., Amara and Refregier 2008), an accurate estimate
of the redshift population shapes is of additional importance for the weak
lensing analysis. Of course, by modelling the redshift populations per tomo-
graphic bin as Gaussians, the aim of our hierarchical Bayesian framework
is not to obtain realistic distribution shapes. However, in this section we
demonstrate that our method allows accurate population shape estimates
quasi as a byproduct. More precisely, we demonstrate that propensity score

estimates can be utilized for direct redshift calibration.

As described in Section 3.2.2, direct redshift calibration methods depend on
the estimation of weights w(x) = pr(x)/ps(x), used to reweight the spet-
roscopic sample (with true redshifts) to obtain an estimate of the redshift

distribution of the photometric sample (per tomographic bin). The weights
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w(x) can also be expressed via

w(x)

_pr) _pls=Dpls=0) ( ! 1)_ (3.25)

T ps()  p(s=0)ps=1x)  \p(s=1x)

We can thus obtain an estimate of the weights w(x) by employing the inverse

of the propensity score (inverse-PS), via the right-hand side of (3.25).

As a proof of concept, to demonstrate the ability of accurate population
shape estimation using inverse-PS via direct redshift calibration, we apply
the following procedure. Firstly, for each galaxy in the photometric and
spectroscopic set, we obtain a StratLearn conditional density estimate f(z|x)
as described in Section 3.3.1. Based on this estimate, each galaxy (in the
photometric and spectroscopic set) is assigned to its respective tomographic

bin, following the StratLearn binning strategy described in Section 3.3.2.7

For each tomographic bin, we now estimate a set of propensity scores (em-
ploying logistic regression as detailed in Section 3.5.1), based on the covari-
ates of the spectroscopic source galaxies and photometric target galaxies in
the respective tomographic bin. For each tomographic bin, we now reweight
the binned spectroscopic data using the respective estimated inverse-PS

weights (obtained via 3.25). Per tomographic bin, we then obtain an estimate
of the photometric redshift distribution by considering the marginal sample
of z in the weighted joint distribution. As a proof of concept, we provide
a numerical demonstration of the inverse-PS direct calibration method in
Section 3.5.5. In general, inverse-PS direct redshift calibration might suffer
from the same large variance possibility as other direct redshift calibration
weighting schemes (as discussed in Section 3.2.2). By estimating the weights
via propensity scores, we consider the transfer and application of covariate

balance diagnostics tools (as advised in the causal inference propensity score

"We note that the binning of the spectroscopic set (as previously performed by Wright et al.
(2020)) is needed when performing direct redshift calibration of the binned photometric
set, since the photometric bin assignment is based on (summaries) of the conditional
density estimates (as described in Section 3.3.2). The conditional density estimates im-
plicitly incorporate information of source redshift (through the fitting process described
in Section 3.3.1). To prevent unmeasured confounding (information encoded in the spec-
troscopic redshift, but not in the magnitudes/colors) the same selection function has to
be applied for source and target data.
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literature, e.g. Austin and Stuart 2017, 2015 and Imai and van Dyk 2004,
described in Section 2.3.3), to carefully assess/diagnose the inverse-PS direct

calibration fit as part of future work.

3.5 NUMERICAL DEMONSTRATIONS

3.5.1 SIMULATION STUDY

We explore the performance of our new framework using a comprehensive set
of realistic simulations introduced in Wright et al. (2020). The simulations
aim to mimic the KiDS+VIKING-450 dataset, presented in Wright et al.
(2019) and Hildebrandt et al. (2020), starting from the MICE2 simulation
(Fosalba et al., 2015, Crocce et al., 2015, Carretero et al., 2015, Hoffmann
et al., 2015) and based on a framework provided in Van Den Busch et al.
(2020). In the following, we provide a summary of the simulated data em-
ployed in our study, and refer to Wright et al. (2020) for further details.

PHOTOMETRIC SURVEY: The simulated photometric data DY (the super-
script u refers to “unweighted”, below we describe a pre-processing step to
produce a shear-measurement weighted photometric sample as employed in
the downstream scientific analysis) consists of ~21 x 10° galaxies, for each
of which a simulated measurement of its position, lensing convergence, mor-
phological information, and model magnitudes in the ugriZYJHK-bands is
provided. Magnitudes include photometric noise, realistic to KiDS survey
data (Wright et al., 2020). A large proportion of galaxies (~17%) has a
flux error greater than or equal to the flux measurement in at least one
band. Figure B.2 in the Appendix illustrates the full pattern of such cases,
which generally are considered as non-detections. The flux measurement
of such non-detections was removed prior to our analysis and only place-
holder/indicator values were available to indicate these non-detection cases.
Due to missing information on the flux measurements, we treat these cases
as “missing data”. (The last two paragraphs of this section detail our pro-

cessing of such “missing data” cases for the propensity score estimation and
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the conditional density estimation). If further information of the flux mea-
surements of these non-detections (e.g. a full Bayesian posterior, or upper
limits) were available, such information could be incorporated to infer more
realistic values/constraints of the non-detections. Another effective approach
is to set the flux of such non-detections to zero (e.g., Benitez 2000, Jones and
Heavens 2018). We note that our proposed method could technically incor-
porate any of such treatments of non-detections, and additional information
and consideration of the non-detection cases might potentially improve our

method in future work.

While the spectroscopic redshift z is of course unavailable for galaxies in
the photometric set, a Bayesian redshift estimate zp is provided, which was
used in previous work (e.g., Wright et al. 2020) to apportion galaxies to the

tomographic bins.

Finally, a cosmic shear-measurement weight w; is provided for each galaxy,
which relates to the quality of its shear measurement, and which filters though
to the cosmological analysis via the weighted sample w; D7, which is the one
employed for cosmological parameter estimation. Thus, for redshift calibra-
tion, the mean of the weighted distribution pr o« wp4 (within tomographic
bin) is the target estimand of interest. As a preprocessing step, to obtain a
sample Dr of the weighted distribution pr oc wp7, we resample the data D7
proportionally to the cosmic shear-measurement weights w. In this way, we
obtain our target sample D, with |D7| = 12.48 x 10® galaxies. Figure 3.2 in
the Appendix demonstrates that there is a negligible difference in targeting
the shear-measurement resampled distribution (obtained via the above pre-
processing step) and targeting the shear-measurement weighted distribution
(as done in Wright et al. 2020). Our results on the resampled data thus hold

without loss of generality.

SPECTROSCOPIC SURVEY: A much smaller spectroscopic source data set
Dy, with |Dg| = 21,537, galaxies is provided, composed of data from three

surveys: zCOSMOS (9930 galaxies); DEEP2 (6919 galaxies); and VVDS
(4688 galaxies), altogether spanning a redshift range 0.07 < z < 1.43. The

spectroscopic redshift distributions of the three surveys are illustrated in

81



— + = Full photometric sample
em  \Neighted full photometric sample
Resampled photometric sample

1.2

1.0

0.6 0.8

Density

0.4

0.2

0.0

T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4

Spectroscopic redshift

Figure 3.2: Spectroscopic (true) redshift distributions of the photometric survey
(not known in practice), with and without incorporation of shear-measurements
weights. The blue dashed line shows the redshift distribution of the full photo-
metric sample DY. (before resampling). The black line shows the redshift density
of the full photometric density weighted by the shear-measurment weights w,
and the green line illustrates the redshift density of the resampled sample D7.
The black and green line perfectly match, with a mean difference of ~107%, illus-
trating that there is negligible difference of targeting the resampled distribution
(as in this study) and targeting the weighted distribution (as in Wright et al.,
2020). A histogram of the cosmic shear-measurement weights w is provided in
Figure B.1.

Figure 3.3. The spectroscopic source set is not a representative sample of
the photometric target distribution (selection effects are described in Wright
et al. 2020). Figure 3.4 illustrates the density of the spectroscopic source
redshift distribution (red), and the (true) redshift distribution of the photo-
metric simulated target data (blue; not available in practice). While both
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Figure 3.3: Spectroscopic redshift distribu-  Figure 3.4: Spectroscopic (true) redshift dis-
tions of the three spectroscopic surveys used tributions of the photometric simulated tar-
as source data. get data D7 (blue, not available in practice)

compared with the spectroscopic source data

(red).

distributions cover the same redshift range, the difference in densities is im-
mediately apparent, an effect of the underlying covariate shift. For each
galaxy in the spectroscopic set, the same set of covariates as provided for
galaxies in the photometric set is available. In addition, an accurate spectro-
scopic measurement of the true redshift z is available for each galaxy, with

measurement error that is negligible for our purposes.

To account for sample variance, 100 independent spectroscopic catalogues
(with above described specifications) are provided, from 100 independent
fields (lines-of-sights, abbreviated as LoS). The fields of the three spectro-

scopic surveys are independent of each other across the 100 LoS.

CHOICE OF COVARIATES AND MISSING DATA: To obtain the conditional
density estimates for all objects in the photometric target data, we choose as
covariates the r-band magnitude and the 8 colors: u—g, g—r,r—i,i—-2Z,Z-Y,
Y-J,J—H, H-Kjs), a setup previously adopted, e.g., by Wright et al. (2020)
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or Izbicki et al. (2017). We note that using colors instead of magnitudes does
not worsen the “missing data” pattern, as illustrated in Figures B.3 and B.2.
As a preprocessing step, all covariates are scaled to have mean zero and
standard deviation one. In the StratLearn framework, the missing data pat-
tern has to be taken into account in the propensity score estimation step,
and in the computation of the conditional density estimators within strata.
For propensity score estimation, we use mean imputation of the 9 covariates
to fill the missing values; we also add 9 binary indicator variables as depen-
dent variables (main effects) to our logistic regression propensity score model,
which describe the missingness of each covariate. Figure B.4 in the Appendix
illustrates the distributions of the estimated propensity scores for source and
target data. The support of the target propensity score distribution is well
covered by the support of the source propensity score distribution, demon-
strating the availability of source galaxies that match the covariate space of

the target galaxies.

COMPUTATIONAL DETAILS: The computation of the conditional density es-
timators (ker-NN and Series) requires the calculation of Euclidean distances
between the covariate vectors of each galaxy. In the missing data cases, we
compute the pairwise distances of two galaxies only based on the covariate
values with complete measurements (no missingness) for both galaxies (as
previously conducted by Wright et al. (2020)). The large size of the photo-
metric target set causes additional computational challenges: for prediction
of the conditional densities on the target data, distance matrices between
photometric target set and spectroscopic source set are required, which is
computationally not feasible for the entire target set at once. We thus pro-
cess the prediction on the photometric target set in batches of 60,000 target
samples. Table 3.1 shows the strata composition of spectroscopic source
and photometric target data for one random batch, illustrating that there
is enough spectroscopic source/training data in each stratum to fit the con-
ditional density estimators within strata separately. While there is a slight
discrepancy between the average redshift in source (0.71) and target data
(0.68) overall, most strata have well-balanced redshift means between source

and target, an indicator of reduced covariate shift after the propensity score
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Table 3.1: Composition of the five StratLearn strata. The number of galaxies and the average
spectroscopic (true) redshift is presented in each source and target stratum. (Composition of
one random batch of 60K photometric samples is shown for illustration).

Stratum  Set #galaxies Mean z
1 Source 6091 0.74
Target 10217 0.74
2 Source 5036 0.77
Target 11271 0.74
3 Source 4351 0.72
Target 11957 0.72
4 Source 3668 0.65
Target 12639 0.66
5 Source 2391 0.58
Target 13916 0.57
All Source 21537 0.71
Target 60000 0.68

stratification, as justified in Chapter 2. Other batches demonstrate a sim-
ilar pattern. To reduce the computational burden, for each LoS, we use a
fixed set of hyperparameters for prediction of the conditional density estima-
tors on all target batches. Individually for each LoS, we obtained the fixed
hyperparameter set by optimizing (2.18) and (3.6) within each stratum sep-
arately, given one initial strata composition, with a randomly selected target
batch.® Using batches of photometric target data has the advantage that
distance matrices can be stored in memory, and predictions can be processed

in parallel on several batches.?

8Optimization of (2.18) was performed by splitting the source data within each strata
in a training and validation set (one half each). The parameters which led to the best
predictive performance on the source validation sets (per strata) were then selected for
each conditional density estimator (ker-NN and Series) separately. The final optimization
in (3.6) was then performed on the same source strata validation sets, using the optimized
ker-NN and Series source validation set predictions. The hyperparameters obtained for
the five strata and for all 100 LoS are illustrated in the Appendix, Figures B.5 and B.6.

9We performed all computations on a CPU cluster employing up to ~150 CPU simulta-
neously.
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3.5.2 IMPROVED BIN ASSIGNMENT ACCURACY

In this section, we evaluate the accuracy of our new tomographic bin as-
signment, obtained via StratLearn-based conditional density estimates, as
described in Section 3.3.2, and illustrated in Figure 3.1.

In Table 3.2, we compare our bin assignment with the standard practice of
using zp for the assignment, across five different classification performance
metrics, demonstrating improvement in all of them. On average across the
100 LoS, our StratLearn binning assigns the photometric target galaxies to
the correct tomographic bin in 62.2% of the cases (considering the five tomo-
graphic bins, and both edge bins separately). This is a substantial improve-
ment over the zg binning, with an accuracy of 52.5%. StratLearn improves
both, the sensitivity (true positive rate) and the specificity (true negative
rate) of tomographic bin assignment compared to zp, thus also leading to
an improvement of the balanced accuracy and Cohen’s kappa, which take
into account the imbalance of class (bin) proportions.!® We note that the
standard deviations of all performance measures across the 100 LoS is rela-
tively low (Table 3.2), which demonstrates that the improvement is consistent
throughout the 100 LoS (the zp assignment is the same for all 100 LoS).

Table 3.2: Tomographic bin assignment performance evaluated over 100 LoS, comparing the
StratLearn bin assignment (following Section 3.3.2) and the zp bin assignment. The average
(sd) of the performance metrics computed for each of the 100 LoS is reported for StratLearn.
Using zp, the bin assignment is consistently the same for all 100 LoS.

StratLearn ZB

Performance metric ~ mean (sd)  mean (sd)

Accuracy 0.622 (0.003)  0.526 (-)
Balanced Accuracy 0.718 (0.003)  0.706 (-)
Sensitivity 0.502 (0.006)  0.493 (-)
Specificity 0.934 (0.001)  0.918 (-)
Kappa 0.439 (0.006)  0.415 (-)

0The balanced accuracy is defined as (specificity + sensitivity)/2. The Cohen’s Kappa
measures the relative performance of the classifier with the performance of a random
guess (based on the class frequency). Both metrics take on values between 0 and 1
(with 1 being a perfect classifier), and both metrics are useful performance measures for
classification tasks with imbalanced class proportions.
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Figures 3.5a and 3.5b show the confusion matrices of tomographic bin assign-
ment using StratLearn and zp (averaged over the 100 LoS). The confusion
matrices demonstrate that StratLearn improves the bin assignment across
all five tomographic bins (top five diagonal values), and most substantially
in the second bin (with z € (0.3,0.5]), the one with the largest fraction of
galaxies (21.7%). In this bin, StratLearn improves over the zg bin assignment
by more than 55%.

The heatmap in Figure 3.6 provides a visual comparison of the confusion
matrices in Figures 3.5a and 3.5b. Green squares in Figure 3.6 correspond
to an improvement of StratLearn over zg, while pink squares correspond to
better performance of the zg assignment. The heatmap is computed by sub-
tracting the diagonal values of Figure 3.5b, the bin assignment accuracy of
zp, from the diagonal values of Figure 3.5a, the bin assignment accuracy
of StratLearn; on the off-diagonal, the sign is reversed, so that green (posi-
tive) values denote StratLearn improvement everywhere. The improvement
of StratLearn is particularly strong in the top five diagonal squares, the five

tomographic bins, which are of highest interest for the scientific analysis.

Figure 3.7 illustrates the changes in bin assignment of StratLearn vs. zp,
showing a moderate to strong disagreement of StratLearn and zp in most
of the bins. The reassignment of galaxies, and especially the improved bin
assignment accuracy of StratLearn, might thus substantially improve cosmo-

logical results — this will be subject of a future, dedicated study.

3.5.3 IMPROVED POPULATION MEAN ESTIMATES ACCURACY

The main purpose of this study is to obtain accurate estimates of the (true)
redshift population means within tomographic bins. The foremost criteria
to evaluate redshift calibration methods (Wright et al., 2020) is the mean

discrepancy

L
. 1 . —
Blis ™) = 7 D (ins = up). (= biasy) (3.26)
=1
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(a) StratLearn tomographic bin assignment.
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(b) zp tomographic bin assignment.

Figure 3.5: (a) Confusion matrix of the StratLearn tomographic bin assignment (averaged
over 100 LoS). (b) Confusion matrix of the zp tomographic bin assignment.
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Figure 3.6: Heatmap of confusion matrix (accuracy) differences between StratLearn and zp.
On the diagonal, the difference of StratLearn - zg accuracy’s is shown. Off-axis, the difference
of zp - StratLearn is shown. Thus higher values (in green) illustrate that StratLearn performs

better than using the zp estimate.

where L = 100 is the number of LoS, fi;; the estimated mean redshift and
,u}f,}‘e the true redshift mean for LoS [ for galaxies assigned to tomographic bin
b. We note that (3.26) is not a bias in a strict statistical sense, since the true
redshift mean (within tomographic bin) varies across lines of sights. However,
being consistent with the notation of previous studies, we will loosely refer

to (3.26) as “bias”. In addition to (3.26), we are interested in the standard

89



Zp

1 2 3 4 5 I r
- 6.4% 1.2% 1% 0% 0% 0.4% 0.2%
796324 146044 118922 4532 2940 54700 19922
9V 2.9% 0.2% 0.6% 0% 0.5%
359403 24831 68901 62 57198
(2] 0.8% 1.1% 3.5% 1.5% 0% 0.8%
100382 135900 441322 181640 2254 98201
c
S
]
()
_.—|_, < 0.1% 0% 1.1% 6.6% 0% 1.2%
o 15908 3928 142409 823401 3378 144245
=
5]
o 0.1% 0.2% 1.3% 2.4% 0% 6.9%
14395 27073 156321 299266 818 863119
— 0% 0%
2 13
- 0.2% 0.1% 0.3% 0.1% 0.3% 0% 2.7%
22753 10920 33977 6567 43528 1307 332869

Figure 3.7: Changes in bin assignment using StratLearn vs zp binning, averaged across the
100 LoS.

deviation, SD, of the mean differences across the 100 LoS:

———
SE (8 Biasy)?

L-1

SD (fip - i) = (3.27)

with gl = iy — uiie, for I =1,...,Land b=1,...,5.

Table 3.3 presents the bias results obtained for our novel StratLearn-Bayes
method, with a comparison to the previously best performing method, the
SOM. Based on our StratLearn binning, our method options StratLearn-
Bayes (A) and (B) lead to an average absolute bias of 0.0053 and 0.0052

across the five tomographic bins, an improvement of ~ 40% w.r.t the SOM
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method with zg binning, which leads to an average absolute bias of 0.0085.
We further note that the SOM (with zz binning) method requires systematic
quality cuts (further also denoted as “gold” sample, using the terminology
of Wright et al. (2020)), which reduce the data size for the scientific analysis

(we return to this point below).

We also apply the SOM calibration method using our new StratLearn bin-
ning, applying quality cuts as described in Wright et al. (2020), which leads
to an increase of bias (0.105 absolute average bias) compared to SOM with
the zp binning (0.0085 absolute average bias). Using our StratLearn-Bayes
model on the zp bin assignment also leads to an increase in bias to 0.0141
and 0.0131 (on absolute average across the five bins). Such a reduction in
performance could in fact be expected: our StratLearn-Bayes model is based
on the modelling of the object level (galaxy) conditional density estimates,
but with the zg binning systematic errors are introduced in the assignment
of galaxies per tomographic bin. Our StratLearn-Bayes framework is not de-
signed for correction of such external errors (biases), which lead to systematic
shifts of the population mean estimates. For instance, if the zp galaxy bin
assignment is correlated with the variance of StratLearn galaxy conditional
density estimates, then the (tomographic bin) population mean estimate in
(3.20) can be systematically shifted. We thus advise against the combina-
tion of StratLearn-Bayes based on zp binning, and advocate for the use of
StratLearn-Bayes via the StratLearn-based binning, which leads to the best

performance.

Table 3.3: Mean discrepancy (bias) computed over 100 lines of sight for different calibration
methods, and different bin assignment strategies. We abbreviate the StratLearn bin assignment
as SL. (gold) denote the quality cuts applied to the data according to Wright et al. (2020).
The Galaxies column shows the total number of galaxies (in millions) available in the five
tomographic bins.

Binning  Galaxies [M] Binl Bin2 Bin3 Bin4 Binb [Average]

StratLearn-Bayes (A) SL 12.02 0.0123 -0.0076 0.0053 -0.0010  0.0001 0.0053
StratLearn-Bayes (B) SL 12.02 0.0095 -0.0092 0.0047 -0.0013 0.0012 0.0052
SOM SL (gold) 11.48 -0.0084  0.0022 0.0156 0.0117 0.0148 0.0105
StratLearn-Bayes (A) zp 10.90 0.0259  0.0127 0.0084 0.0003 -0.0231 0.0141
StratLearn-Bayes (B) zp 10.90 0.0228 0.0117 0.0071 -0.0002 -0.0236 0.0131
SOM zp (gold) 10.17 -0.0005 0.0036 0.0135 0.0147 -0.0102 0.0085

Table 3.4 shows the standard deviation (SD) population scatters from the
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100 LoS. StratLearn-Bayes with StratLearn binning leads to slightly increased
standard deviations of 0.0066 (option (A)) and 0.0067 (option (B)) on average
across the five tomographic bins, compared to the SOM method based on zp
binning with an average of 0.0051. The results in Table 3.4 indicate that the
standard deviation results are related to the binning strategy, rather than to
the calibration method. Using SOM calibration on the StratLearn binning
(with gold quality cuts) leads to comparable increase in SD of 0.0066 on
average across the five bins. On the contrary, using the StratLearn-Bayes
model applied on the zp binning leads to a decrease in SD to an average of

0.0048 and 0.0047, even lower than applying SOM on the zp binning.

In general, we note that the similarity in results of our StratLearn-Bayes
options (A) and (B) demonstrate robustness with respect to the computation
of the population variance (as described in Section 3.3.3). Both methods
outperform the previously best method (SOM on zp binning). Given a slight
improvement of bias reduction, we propose the application of StratLearn-

Bayes (B) as our best method.

Finally, our proposed method, StratLearn-Bayes (B), leads to a maximum
bias within tomographic bins of A(z) = 0.0095+0.0089 (in bin 1). In contrast,
using the previously best calibration method, SOM based on zp binning,
leads to maximum biases of 0.0135 + 0.0052 and 0.0147 + 0.0040 (in bin 3
and 4), both exceeding the potentially critical bias value of A(z) > 0.01. In
addition, SOM based on zp binning requires systematic quality cuts (gold

quality cuts), which are not necessary for our methodology.

Table 3.4: As in Table 3.3, but showing standard deviation (SD) computed over 100 lines of
sight for the different calibration methods, and different bin assignment strategies.

Binning Binl Bin2 Bin3 Bin4 Binb |Average

StratLearn-Bayes (A) SL 0.0087 0.0065 0.0046 0.0052 0.0082  0.0066
StratLearn-Bayes (B)  SL 0.0089 0.0065 0.0045 0.0052 0.0082  0.0067
SOM SL (gold) 0.0085 0.0064 0.0059 0.0058 0.0066  0.0066
StratLearn-Bayes (A) 2z 0.0055 0.0048 0.0049 0.0037 0.0051  0.0048
StratLearn-Bayes (B)  zz 0.0052 0.0048 0.0047 0.0036 0.0051  0.0047
SOM z5 (gold)  0.0055 0.0061 0.0052 0.0040 0.0049  0.0051
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3.5.4 LARGER SAMPLE SIZE FOR WEAK LENSING ANALYSIS

In Table 3.5, we show the absolute numbers of galaxies obtained via the
different tomographic bin assignment strategies and quality cuts (gold). In
bins 2.4, and 5, the number of galaxies is higher when using StratLearn
binning compared to zg. In bins 1 and 3, the number of galaxies is slightly
higher using the zp binning. Overall, due to the improved binning accuracy of
StratLearn, there is an approximately 10% increase in the number of available
galaxies for science (over all bins) when using StratLearn for tomography
instead of zp. Table 3.5 also provides the number of galaxies within bin after
applying the gold selection, as introduced by Wright et al. (2020). We note
that the gold selection cut is not needed when applying our StratLearn-Bayes
approach, while it is a necessary step to obtain the SOM results (Wright et al.,
2020). Thus, compared to the previously best combination of bin assignment
and calibration method (Wright et al., 2020), our StratLearn-Bayes approach
leads to an increase of galaxies available for science of ~18%.

Table 3.5: Sample sizes (in millions) within tomographic bins obtained via different bin

assignment strategies and quality cuts (mean and standard deviation computed over 100 LoS).
With (gold), we refer to the quality cuts as described in Wright et al. (2020).

Bin 1 Bin 2 Bin 3 Bin 4 Bin 5 Total
(0.1,0.3] (0.3,0.5] (0.5,0.7] (0.7,0.9] (0.9,1.2] (0.1,1.2]

StratLearn mean 1.14 3.18 2.29 2.51 2.90 12.03
(sd)  (0.112)  (0.207)  (0.189)  (0.204)  (0.220)

StratLearn (gold) mean 1.06 2.94 2.21 2.51 2.75 11.48
(sd)  (0.089) (0.158) (0.171) (0.205) (0.223)

B mean 1.31 1.94 2.84 2.16 2.66 10.90
(sd) ) () () ) ()

zp (gold) mean 1.15 1.91 2.36 2.10 2.65 10.17

(sd)  (0.034)  (0.007)  (0.071)  (0.047)  (0.003)

3.5.5 POPULATION DISTRIBUTION ESTIMATES

Figure 3.8 illustrates the redshift population distributions of our StratLearn-
Bayes framework per tomographic bin, with option (A) in blue, and option
(B) in green. The true redshift distributions per tomographic bin (not known

in practice) are shown with dashed lines. As expected, the Gaussian popula-
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Figure 3.8: Redshift population distribution (estimates) per tomographic bin. The Figure
shows the Gaussian population distributions of our StratLearn-Bayes frameworks with option
(A) in blue, and option (B) in green. The true redshift distributions within tomographic bin
(not known in practice) are shown with dashed lines. The mean estimates of the StratLearn-
Bayes method and the true population means are added, being hardly distinguishable due to
the small (desired) mean estimation errors. The inverse-PS redshift population distribution
(estimates) per tomographic bin are illustrated in purple. For illustration purposes, results are

shown for one LoS. (Other LoS exhibit a very similar pattern).

tion distributions do not cover the actual shapes of the true redshift popula-
tions well. We again emphasize that this was never the goal of our proposed
models. We also illustrate the true population means, as well as the popula-
tion mean estimates of our models on the x-axis. The true population means
and our estimates are almost identical and visually barely distinguishable, a

desired result, illustrating the accuracy of our population mean estimates.

While the population mean estimates are most crucial for photo-z calibration
(e.g., Amara and Refregier 2008), in the weak lensing analysis, an an accu-
rate estimate of the redshift population shapes is of additional importance.
In Figure 3.8, we also illustrate the inverse-PS weighted redshift distribu-

tions per tomographic bin (in purple), obtained via the procedure described
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in Section 3.4. The purple inverse-PS weighted distributions exhibit a sim-
ilar shape as the true redshift population distributions within bin (dashed
lines), recovering reasonably well the true photometric population distribu-

tion shapes.

To combine best of both worlds, in future work, we plan to combine our
StratLearn-Bayes method for nearly unbiased population mean estimates,
with the inverse-PS method to accurately capture the shape of the photo-
metric redshift distributions. This will require a comprehensive assessment
of the inverse-PS method, as well as the development of a principled combi-
nation strategy. We note that inverse-PS weighting is much more sensitive to
inaccuracies in the estimated propensity scores than the StratLearn frame-
work (based on stratification). Employing inverse-PS weighting will thus re-
quire careful considerations of the propensity score model and the estimated

propensity score distributions.

3.6 DISCUSSION

In this chapter, we propose a novel framework, StratLearn-Bayes, for im-
proved photo-z calibration for weak lensing. We demonstrate that our Strat-
Learn methodology, as proposed in Chapter 2, can successfully be employed
to improve galaxy tomographic bin assignment via galaxy-per-galaxy photo-z
conditional density estimates. Dispensing with the need of quality cuts (as
applied by Wright et al. (2020)), the improved bin assignment leads to an

increase of ~18% more galaxies available for the scientific analysis.

Constructing a hierarchical Bayesian model on summaries of the conditional
densities, StratLearn-Bayes, then enables almost unbiased estimates of red-
shift population means per tomographic bin, the key quantity for photo-z
calibration (Amara and Refregier, 2008, Wright et al., 2020). Our proposed
method leads to substantially less bias than the previously best calibration
method (SOM; Wright et al. 2020) evaluated on comprehensive simulations
resembling the KiDS+VIKING-450 dataset (Wright et al., 2019, Hildebrandt
et al., 2020), accompanied by a slight increase in uncertainty. In addition to

our hierarchical Bayesian method for accurate estimation of the population
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means, we provide proof of concept of how propensity scores can be used (via
inverse-PS weighting) to obtain accurate redshift population shape estimates
per tomographic bin.

We provide a detailed discussion of our method with prospective future work

and science applications/implications in Section 5.2.
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ESTIMATION OF (GALAXY
LUMINOSITY DISTRIBUTIONS FROM
INCOMPLETE X-RAY AND OPTICAL

SURVEY DATA

OVERVIEW: The luminosity function specifies the distribution of source in-
tensities in a population, providing information regarding the intrinsic char-
acteristics of a class of astronomical objects and their cosmological evolution.
In this project, we propose a science-driven hierarchical Bayesian framework
to estimate the galaxy luminosity function in X-rays (via a broken power
law model, formulated as a mixture of two Pareto distributions), combin-
ing non-representative X-ray and optical surveys. The astronomical surveys
generally suffer from incompleteness in the low-intensity end, necessitating
the application of incompleteness corrections generally estimated from simu-
lations. While this is standard practice for samples selected in a single band,
we introduce a methodology for the application of incompleteness correc-

tions for samples selected in two (or more) bands (e.g. X-ray observations
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of galaxies detected in optical surveys). We account for this incompleteness
bias by incorporating an X-ray incompleteness function (estimated from sim-
ulations) and an optical incompleteness function (with parameters learned
from the observed data) into the model. We avoid detection in the X-ray
band for sources detected in the optical band by estimating the source in-
tensities at the locations of the optical sources, using a Poisson model to
adjust for background contamination. For the undetected sources in neither
band or X-ray sources that are not detected in the optical band we use the
corresponding incompleteness functions. The hierarchical model is fit via a
Gibbs sampler. We evaluate our model on realistic simulations, mimicking
data from the Chandra Deep Field Catalogue, and demonstrate improved re-
covery of the luminosity function even under high proportions of systematic

incompleteness. We apply our novel method to data from the Chandra Deep

Field South (CDFS).

4.1 INTRODUCTION

4.1.1 SCIENTIFIC MOTIVATION AND BACKGROUND

Estimating the distribution of source luminosities in a population has been a
long-standing problem in astrophysics. Population luminosity distributions
are commonly estimated by modelling the distribution of the flux. The flux,
also referred to as observed luminosity or apparent brightness, is a measure
of the power (amount of energy) radiated from an astronomical source (e.g.
a galaxy or a star) over a fixed amount of time and area. Flux measurements
allow astronomers to compare the relative amount of energy radiated from
astronomical objects with different characteristics (e.g. object size or age).
Modelling the distribution of the flux of different populations of astronomical
sources provides information about the geometry and structure of the uni-
verse, e.g. about stellar evolution, allowing to test theoretical assumptions

about the universe.

Historically, the distribution of fluxes in a population is characterized by

counting the number N of sources with flux greater than a given source
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flux S, also denoted as N(> §). Astronomers are particularly interested
in the log(N(> S)) — log(S) relationship (in short log(N) —log(S)). In the
literature, the log(N) —log(S) relationship is commonly assumed to be linear,

or piecewise-linear (Udaltsova, 2014, Stampoulis, 2017).

We are interested in estimating the galaxy luminosity distribution of a pop-
ulation in X-rays. X-ray is a type of high-energy electromagnetic radiation
with wavelengths shorter than visible or UV light and typically longer than
Gamma ray wavelengths. X-rays are emitted by a variety of astronomical
objects, including galaxy clusters, stars, binary stars, supernova remnants,
neuron stars and black holes (X-ray binaries). Since X-rays are mostly ab-
sorbed by the earth’s atmosphere, X-ray surveys are commonly obtained via
space based telescopes, such as the Chandra X-ray Observatory. The Chan-
dra X-ray Observatory records the arrival time, the energy and the 2D sky
coordinates of photons that arrive at the count-based detectors. Instead of
recording the flux §, the cumulated flux is recorded as the number of pho-
ton counts. Given the source emitted photon counts one can compute the
source intensity 4, which is the number of counts from a source reaching the

observer (detector) for a certain exposure time and source area.

The arrival and measurement of photon counts underlies Poisson-like vari-
ability. Detector based uncertainties and biases, as well as external effects
such as background contamination make the estimation of source luminosities
(source intensities and flux) and consequentially the estimation of luminosity
distributions via the log(N)—log(S) a statistically challenging scientific prob-
lem. Below we outline major challenges when estimating the log(N) —log(S)

and prospects of how these challenges can be tackled in this and future work.

4.1.2 CHALLENGES AND PROSPECTS

Some of the central challenges in the estimation of source luminosities from
X-ray data is background contamination and incompleteness, as illustrated
on a real data example in this section. Given the location of a source, the
recorded number of counts in the source area is the sum of background

and source counts. In a statistically naive approach one could simply ex-

99



tract the estimated number of background counts (obtained from areas ex-
pected to contain no sources) from the counts recorded in the source re-
gion to obtain an estimate of the source intensity (after accounting for ex-
posure time and source area). While this leads to a poor estimate of the
source intensities with possibly negative values, and with the emphasis that
we do not espouse this approach, for illustration purposes, we present the
log(N) —log(S) curve obtained via this naive approach in Figure 4.1 (brown
dots). More precisely, in Figure 4.1 we compute the log(N) — log(S) via
the empirical distribution function of the naive source intensity estimates,
with N(> §)Xoray = (1 - eCDF(/i”X_ray))NX_ray, with Nx_ray being the number
of detected X-ray sources in a pre-defined subregion of the Chandra Deep
Field South (CDFS; details appear in Section 4.7), /i’;(_ray being the source
intensity estimates obtained via the described naive background subtrac-
tion, and eCDF being the abbreviation for empirical Cumulative Distribu-
tion Function. We note that we refer to log(N(> §)) —log(S) as it is common
in the literature, but actually compute log(N(> 1)) — log(4d) based on the
source intensities A instead of the flux S. The source intensities A (with units
(count/s/cm?)) differ from the flux (with units (energy/s/cm?)) by some
flux-to-count conversion factor «(S), which in turn depends on the flux §,
that is A = Sk(S). Thus, log(2) =log(S) + log(k(S)). The location and slope
of the actual log(N (> S)) —log(S) curve (obtained on the flux § instead of A)
will thus be altered by accounting for the flux-to-count conversion factor «(.S)
in a final step. (For consistency, all log(N(> S)) — log(S) curves presented
in this chapter are computed based on the source intensities A instead of the

actual flux S, implicitly assuming «(S) = 1.)

The illustrated X-ray log(N) — log(S) curve in Figure 4.1 (brown dots) un-
derlies the strong assumption that the galaxies detected in the X-ray survey
reflect a complete, representative sample of the galaxy population in the de-
fined subregion of the sky. However, this is unfortunately not the case, for
various reasons. Firstly, X-ray source detection methods (e.g., Freeman et al.
(2002)) apply a certain threshold to consider a pixel to belong to a source
or to the background. To avoid background fluctuations being considered as

potential sources, this threshold cannot be too low, which in turn might lead
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Figure 4.1: lllustration of a naive log(N) — log(S) estimation via eCDF of source intensities
obtained by simply subtracting the expected background counts from the source region. The
estimated log(N) — log(S) curves are shown for sources detected in X-ray (in brown), and
for sources detected in an optical catalogue (in blue). In both cases the source samples are
assumed to be complete, leading to an apparent discrepancy in the log(N) —log(S) estimate,
illustrating the strong necessity of incompleteness corrections.
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to non-detections of faint sources. Secondly, the Poisson-like variability of
measured source counts might lead to non-detections of faint sources if the
fluctuation is close to a telescope specific detection limit. More precisely, a
set of sources with identical source intensity will lead to differing numbers of
observed counts on the detector due to measurement errors (and potentially
other effects). If such a scatter is close to a sensitivity limit of the detec-
tor, then only sources with counts above the sensitivity threshold will be
detected, leading to a biased sample and to bias in the inferred luminosity.
This is a prevalent issue in astronomy and commonly known as Eddington
bias (Teerikorpi, 2004). Thirdly, brighter and closer objects are more likely
to be observed in many astronomical surveys (e.g., due detection sensitivity
limits of the telescopes), leading to non-representative survey data, com-
monly referred to as Malmquist bias (Malmquist, 1920). These listed issues
of systematic effects on the source detection probability are additionally con-
voluted with telescope and survey specific properties and effects, such as the
exposure times, or the location of the source on the detectors etc. Overall,
especially fainter and far away objects are more likely to be non-detections,
indicating that the missing data mechanism is non-ignorable (Little and Ru-
bin, 2019). Inferring parameters from the incomplete sample might thus lead

to strongly biased and non-reliable estimates.

A possibility of probing the described incompleteness in X-ray source detec-
tions is the examination of additional surveys, e.g. using optical, radio, or
previous X-ray surveys, to locate the positions of sources in the population.
More precisely, here we extract the locations of sources detected in an opti-
cal catalogue (Arnouts et al. (2001); details appear in Section 4.7) that are
located in our previously defined CDFS subregion. The location of sources
detected in the optical catalogue can now be transferred to the X-ray survey,
with the respective source areas defined by the X-ray point spread function
(PSF) at the respective source locations (details appear in Section 4.7). Fig-
ure 4.2 shows a patch of the CDFS subregion with X-ray detected sources
illustrated in yellow circles and sources detected in the optical catalogue (we
also refer to these sources as optical sources) are added in blue circles. Fig-

ure 4.2 illustrates that the number of optical detected sources Noptical (in
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Figure 4.2: Patch of the CDFS subregion. Source areas of sources detected in the X-ray
catalogue are shown in yellow circles, optical sources are illustrated in blue. Source areas
(circular apertures around the source locations) are calculated via the X-ray PSF. Photon
counts are shown in white. White points outside of the source areas are considered to be
background counts.

blue) is much larger than the number of X-ray detected sources Nx.ray (in

yellow).

Given the locations and areas of the optical sources (in blue), we can now
extract the respective X-ray counts and we can obtain a naive estimate of the
source intensities. We again emphasize that we obtain the locations of the op-
tical sources from optical catalogues, but then extract the source counts from
the X-ray survey at the given source locations (with source areas obtained
via the X-ray PSF). Figure 4.1 shows the log(N) —log(S) obtained from the
optical sources (blue dots) with N(> S)optical = (1 — eCDF(igptical))Noptical,
with Noptical being the number of optical sources in our CDFS subregion (for
simplicity here we only consider optical sources without overlap to any other

optical source), and A being the source intensity estimates for optical

n
optical
sources obtained via the described naive background subtraction. Firstly,

n
optical

confirming the need of more sophisticated models for source in-

we note that around 50% of the naive source intensity estimates A
1

are
negative,

tensity estimation. Secondly, and more interestingly, even though the naive

IFor illustration of the naive log(N) — log(S) estimates in Figure 4.1, we disregard any
sources with negative naive source intensity estimates, with log(1” ) being undefined

optical
for A7 . . <0.
optical
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source intensity estimates might not be very accurate, the strong discrepancy
between the log(N) — log(S) obtained via the X-ray sources and the optical
sources in Figure 4.1 are an apparent illustration and indicator for incom-
pleteness of the X-ray detected sources. More precisely, the optical sources
reach much farther into the low-intensity end of the population (negative

source intensity estimates are disregarded in Figure 4.1).

Figure 4.2 evince many further challenges when estimating the log(N) —
log(S), particularly when accounting for the survey incompleteness. Match-
ing the optical sources with X-ray sources, Figure 4.2 illustrates a large pro-
portion of optical sources (in blue) without X-ray counterpart (in yellow).
That is the optical source areas do not overlap with any X-ray source center.
Most of the X-ray sources have an optical counterpart, that is, an optical
source area overlaps with the center of the X-ray source. However, there are
some X-ray sources without any recognisable optical counterpart. Figure 4.3
provides a simplified sketch illustrating the different source detection cases.
We consider a source to be detected in both (X-ray and optical) if the source
area of the optical detected source overlaps the center of the X-ray detected
source. For illustration purposes, in Figure 4.3, we add undetected sources,
neither detected in X-ray nor in the optical catalogue. We have to assume
that there is a (large) proportion of sources that are neither detected in X-
ray nor in the optical catalogue. Obviously, such cases are not visible in the
CDF'S patch in Figure 4.2. Finally, there is a large proportion of overlapping
optical sources. Considering overlapping sources is a major challenge, since
the observed counts in the source region are a combination of the various
overlapping sources, which needs to be disentangled for accurate estimation

of the source-wise intensities.?

In the last paragraphs, we have discussed some of the main topical chal-

lenges in log(N) — log(S) estimation, (partly) tackled in our work. There

2We note that there is no overlap between detected X-ray sources, due to technical lim-
itations of X-ray detection algorithms. The optical catalogue has finer resolutions and
detects sources in closer proximity. However, in our case the source areas (for X-ray and
optical sources, as illustrated in Figure 4.2) are calculated via the X-ray PSF, which is
much larger than the optical PSF). This leads to the illustrated overlap between optical
sources.
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are additional, more detailed/technical issues, such as accurate matching of
X-ray and optical sources, accuracy of source locations, incorporation of re-
alistic PSF's, exposure and off-axis corrections, etc., which will be addressed
throughout this chapter, or discussed as future work in Section 5.3. In the
next section, we summarize previous approaches in the literature to estimate
the log(N) —log(S). In Section 4.1.4, we provide an overview of our strategy
of how optical data can be leveraged to estimate the log(N) — log(S) with

principled incompleteness corrections.

4.1.3 RELATED LITERATURE

Estimating the log(N)—log(S) has a long-standing interest in astronomy with
various proposed approaches. Some approaches - by no means exhaustive -

are summarized here for an overview.

As illustrated in the previous section, careful incompleteness corrections and
considerations of various roots of uncertainties are essential for reliable, un-
biased log(N) —log(S) estimation for galaxy luminosity distributions. Unfor-
tunately, the majority of previous approaches estimating the log(N) —log(S)
assume complete surveys. Murdoch et al. (1973) and Crawford et al. (1970)
model a linear log(N) — log(S) relationship via maximum-likelihood (ML)
estimation of the slope parameter. They consider measurement errors of
the source counts via normal approximations. Maccacaro et al. (1982) and
Schmitt and Maccacaro (1986) extend this framework, modeling a linear re-
lationship, but replacing the Gaussian approximations with more realistic
Poisson errors. Georgakakis et al. (2008) extends the linear model to a piece-
wise linear log(N)—log(S) relationship, also considering Poisson errors. Wong
et al. (2014) proposes a more flexible approach, by estimating the number
and locations of different linear pieces. They replace the common ML ap-
proach by a more elaborated Expectation-Maximisation algorithm. Zezas
et al. (2007) considers incorporation of uncertainty on the flux-to-count con-

version parameters into their ML framework.

Udaltsova (2014) provides one of the first approaches to account for incom-

pleteness when estimating the log(N) — log(S). They propose a hierarchical
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Bayesian framework to account for measurement errors and for source incom-
pleteness. More precisely, they model the joint distribution of the complete
data (the observed sources and missing sources) and the model parameters,
and then marginalize over the missing sources to obtain the posterior distri-
bution of the model parameters. Stampoulis (2017) extends upon the work of
Udaltsova (2014) in several directions. They incorporate a more realistic and
survey specific incompleteness function, provided by Wright et al. (2015), a
key ingredient for unbiased inference on the log(N)—log(S) parameters. They
correct their model for mathematical inaccuracies in posterior derivations of
Udaltsova (2014). In addition, they extend the model with several nuisance
parameters leading to a more realistic joint distribution and modelling of the
missing sources. Our research is in the line of work of Stampoulis (2017).
We substantially extend upon the approach described by Stampoulis (2017)

in several ways, as summarized below.

4.1.4 CONTRIBUTION

In this project, we develop a novel Bayesian hierarchical framework which al-
lows statistically principled combination of incomplete X-ray and incomplete
optical survey data to estimate the galaxy luminosity distribution in X-rays.
A major issue when estimating galaxy luminosity distributions is that low-
intensity sources are most prevalent in the distribution but least likely to be
detected in X-ray. Sources detected in optical catalogues tend to reach much
farther into the low-intensity end of the luminosity distribution, as indicated
in Figure 4.1. We leverage the optical data by combining X-ray detected
and optical detected sources to obtain a combined source sample with less
incompleteness in the low-intensity end. We account for the incompleteness
in both surveys by incorporating an X-ray incompleteness function, known
from previous simulations (Wright et al., 2015), and by modeling an optical
incompleteness function, with parameters learned from the data. Figure 4.4
provides a sketch illustrating the X-ray incompleteness function (in red) and
the incompleteness function of the combined optical and X-ray data (in blue)
as a function of the source intensity A, illustrating the (expected) improved

detection probability of the combined sample for low-intensity sources.
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Sketch: Source population (detection cases) Sketch: Incompleteness functions
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Figure 4.3: Sketch to illustrate the source Figure 4.4: Sketch to illustrate possible incom-
population with the different source detec- pleteness functions of the X-ray survey (red)
tion (and non-detection) cases in the X-ray and the combined X-ray and optical data (in
and optical survey. blue). In the optical survey additional low-

intensity sources are detected.

Given that a source is detected in the X-ray survey, the determination of
its exact location is not straightforward in X-ray and accompanied by uncer-
tainty. The determination of source locations in optical surveys is much more
accurate than the determination of source locations in X-ray surveys. For
sources detected in the X-ray and optical survey (and for sources detected
in the optical survey only), we thus extract the X-ray counts at the source
locations determined in the optical survey. By including latent Poisson vari-
ables for background and source counts for each source area, our hierarchical
Bayesian framework allows principled modeling of the background contami-
nation. As for the population distribution of source intensities, we consider
the cases of a double Pareto and a single Pareto distribution, leading to a
piece-wise linear or linear log(/N) —log(S) relationship. We first evaluate our
novel framework on simulated data, introduced to resemble characteristics of
the CDFS data. Based on the slightly more sophisticated double Pareto pop-
ulation distribution, we show that our model allows accurate estimation of
the luminosity function. We then apply our model to data from the Chandra

Deep Field Survey, discussing a single and double Pareto model fit.
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To provide some more technical summary of our contribution, in our novel
framework, we account for the incompleteness of the X-ray and optical survey
by binning the data based on the (latent) source intensity 4. Given a fine grid
on A, within each bin, we can count the occurrences of X-ray and optical ob-
served sources. Within each bin, these occurrences can then be modelled as
Poisson distributions, with the Poisson rates being the product of the respec-
tive incompleteness function (X-ray or optical), population distribution (e.g.
the double Pareto), the expected sample size, and the bin width, evaluated
at the given A. This strategy allows us to infer the parameters describing
the optical incompleteness function as well as the population distribution
parameters of interest. In Figure 4.4, we sketch the incompleteness function
being dependent only on the source intensity A, which is a simplified illustra-
tion. In reality, the X-ray incompleteness function provided by Wright et al.
(2015) is dependent on additional nuisance parameters (e.g., the off-axis an-
gle of the source, the telescope effective area, and the background rate). In
our model, we marginalise over these nuisance parameters to obtain an X-ray
incompleteness function that only depends on the source intensities 1. We
develop a Metropolis-Hastings within Gibbs sampler to fit the hierarchical
model, updating the source intensities and the background rate, as well as
the population distribution and incompleteness parameters separately. Our
novel model framework does not require the modeling and marginalization
over missing sources as previously applied by Udaltsova (2014) and Stam-
poulis (2017) (for sources missing in the X-ray catalogue). To the best of our
knowledge, this is the first principled approach that combines X-ray detected
and optical detected sources to estimate the galaxy luminosity distribution
in X-rays, while carefully accounting for incompleteness in the respective

surveys.

The remainder of this chapter is organized as follows. In Section 4.2, we in-
troduce the hierarchical Bayesian source model to estimate the source inten-
sities and background rate, as well as the (single and double) Pareto source
population distribution (assuming a complete X-ray survey). Section 4.2
mostly follows the work of Stampoulis (2017) and Udaltsova (2014), while

we model the source intensities instead of the flux, which slightly changes
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the framework. The remainder of the chapter is entirely new and original
work developed in our research. In Section 4.3, we withdraw the assumption
of completeness, introducing the combination of incomplete X-ray and opti-
cal surveys. In Section 4.3.1, we first introduce a toy example to illustrate
and validate our binning strategy. In Section 4.3.2, we then introduce our
binning strategy for the combination of X-ray and optical surveys, assuming
the latent source intensities (as estimated in Section 4.2) to be known. In
Section 4.3.3, we describe the X-ray incompleteness function as presented
by Wright et al. (2015) and our marginalization over the nuisance parame-
ters. In Section 4.4, we then present our full hierarchical model combining
the source model presented in Section 4.2 and the incompleteness corrections
introduced in Section 4.3, by assuming the realistic case of source intensi-
ties to be latent (unknown) and the observed sample (X-ray and optical)
being incomplete. In Section 4.5, we introduce our Metropolis-within-Gibbs
sampler to fit the hierarchical model. We evaluate our novel framework via
simulations in Section 4.6. Finally, in Section 4.7, we apply our novel frame-
work to estimate the log(N)—log(S) on CDFS data with optical sources from
Arnouts et al. (2001).

4.2 SOURCE MODEL

In this section, we introduce the hierarchical source model to fit the lumi-
nosity function assuming complete X-ray survey data. Suppose that for an
observation time of 7~ seconds, we count ¥; photons in the X-ray field in
source region i, for i = 1,..., Ngps, and Nyps being the number of observed
sources. We define the source region i as a circular area centered at the
suspected source location with radius determined by the X-ray PSF.?> We
denote as a; (in pixels) the area of the source region. In addition, we observe

counts X from a background area A (in pixels) which does not contain any

3For simplicity, here we assume the PSF to follow a 2D normal distribution with i.i.d
components. To expect around 99% of the photons to fall within the source region, we
set the radius of the source area to be 30 of the PSF, with o being determined by the
CDFS provided PSF map. We note that our model is flexible with regards to the PSF,
and a more realistic PSF can easily be incorporated.
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observed sources. Due to background contamination, the observed photon
counts Y; in source region i are the sum of the background counts $; and the

counts from the source §;, i.e.,
Y =S+ 8, (4.1)

where S; and B; are independent. We emphasize that S; and $B; are latent
variables which are not observed. The arrival of photons at the detector
can be modeled as a Poisson process, that is, ¥; and X are independent
Poisson random variables. Further, the counts of photons originating from
the source S; and the counts from the background B; (at the source region
a;) can be modeled as independent Poisson random variables. With the aim
of estimating the source intensities A;, we now specify our model in more
detail.

In addition to the exposure time 7~ (in seconds s) and source intensity, A;
(count/s/cm?), the expected count from source i in its source region is af-
fected by two known constants: (i) the proportion, r;, of photons from the
source that are expected to fall in the source region as determined by the
PSF, and (ii) the telescope effective area, e; (cm?), at the source location,
which characterizes the efficiency of the telescope. For simplicity, we can
assume that all photons from the source fall within the source region and we
thusset r; =1, foralli=1,..., Nops. Then,

Si|/1,~ indep Poisson(e;A; 7). (4.2)

We assume that the background does not systematically differ at different
parts of the considered sky region. We thus model the background rate &
(count/s/pixel) to be the same across different source regions. The observed

photon count in the background can then be modeled by
X|é ~ Poisson(AET). (4.3)

Given the background rate &, the background count B; in source region i is
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then modeled as
B; |§ dop Poisson(a;£7). (4.4)

As a sum of Poisson variables, the observed count in region i, Y¥; = S; + 8;,

thus also follows a Poisson distribution, precisely,

Y,~| (1;,8) ndeP poisson ((a;é+eid)T). (4.5)

Given the data D = {ai,Yi,ei,X};’Zl, we can now specify the likelihood
function L(f,/l|D) = p(DJ|&,A) for the unknown parameters (£,4), with
= (/11, Ce »/1Nobs ), via

X n . A Y;
(ATé:) 1—[ exp[—(aif 4 ei/li)(]—] [(alé: +Ye‘l|/ll)‘7~]

i=1

L(£,4D) = exp(-AT &) ———

(4.6)
We specify the prior distribution on ¢ as Gamma(ay, b»g).4 Below we detail

the choice of the source population (prior) distribution on A.

POPULATION DISTRIBUTION OF SOURCE INTENSITIES: There has been ex-
tensive work on determining the best fit population distribution for source
luminosities (in our case expressed as source intensities) (e.g., Wong et al.,
2014, Udaltsova, 2014, Stampoulis, 2017). Udaltsova (2014) shows that a lin-
ear log(N) —log(S) relation corresponds to a Pareto population distribution
(single power-law), and more generally, a piece-wise linear log(N) — log(S)
relationship with m pieces corresponds to an m-component broken power-law
population model (formulated as a mixture of truncated Pareto distributions
and one (untruncated) Pareto distribution (Lemma 2, Udaltsova, 2014)).

m [j-1 Terl —0x ; 1 —(0;+1)
2 + i
P(/l|91,-~-,9m,7'1,--~,7'm) - ( ) ( ) (;) 1{TjS/1<Tj+1}’
J

k=1 T
(4.7)

4The probability density function (pdf) of the gamma distribution is given by p(x|a, 8) =
(BY/T(a))x'@ D exp(—pBx), with shape parameter @ and rate parameter . The mean is
given by u = a/B and the variance by 6 = a/S2.
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with knots 7; and power-law slopes 6, with j =1,...,m. As common in the
literature, we are particularly interested in a linear log(N) — log(S), and a

two-component piece-wise linear log(N) — log(S) relationship.

Linear log(N) — log(S): Following Udaltsova (2014), to obtain a linear
log(N) — log(S) relationship, source intensities above a threshold 71 fol-
low a (single) Pareto distribution, that is, 4; id single-Pareto(ty, 81), for
i=1,...,Nops, with (single) Pareto density fsp via

fop (i1, 61) = 177V 4 s 4, 6y > 0., (4.8)

The parameter 71 describes the population source intensity minimum, de-

scribing the theoretical luminosity limit at which we can still observe a source.

Two-component piece-wise linear log(N) —log(S): For m = 2, the source
intensities above the threshold 71 follow a double-Pareto distribution. That
is, A; id double-Pareto(ty, 01, 12, 62), for i = 1,..., Nops, with double-Pareto
density fpp via

91 /li)_(el"'l)

fDP(/lla 017 927 71, T2) = (_) (:1 1{7-1§/{<7-2} (49)

o -6 92 /li —(02+1)
+|— — = Liry<a<co}s
a1 [P T2

where 11 again describes the population minimum source intensity, 7o de-
scribes the breakpoint, 61 and 62 describe the first and second power law

slope.

In the following sections, to keep the description of our model flexible in the
choice of the population distribution, we employ a general notation fp(A4;80)
that refers to both, the (single) Pareto population distribution with 6 :=
{01,711}, and the double-Pareto population distribution with 8 := {61, 02,-

T1, T2}

As for prior distributions on the population parameters, we follow Udaltsova

(2014) and Stampoulis (2017) and choose Gamma priors for 7i, and for
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the m power law slopes (61,...,6,), i.e., 71 ~ Gamma(a;,b;) and 6; ~
Gamma(a;,b;), j =1,...m (in our case m € {1,2}). The prior on 72 needs
some more consideration to preserve the increasing order of 71 < 9. We
choose a truncated Normal prior distribution on the conditional distribution

of 1o given 11, i.e., 12|11 ~ truncated-Normal(u,, 0'T2, ag = 11, by = 00).%6

FULL POSTERIOR DISTRIBUTION (ASSUMING A COMPLETE X-RAY SAM-
PLE): Given the data D = {a;, Y}, e;, X} |, we can now derive the posterior

distributions of the parameters &, 4,86, via

p(£,4,0|D) = p(D|£,4)p(£,4,6) (4.10)
= L(£,4|D)p(16)p(0)p (&), (4.11)

which holds, by assuming that the background rate & is a priori independent
of the source intensities A4, and the parameters describing the source intensity
population distribution 8, and due to the conditional independence of D and
0 given A. That is the observed data D depends on the parameters describing

the source population only through the latent source intensities A.

4.3 METHODOLOGY — PRINCIPLED MODELLING OF MULTIPLE SURVEY
INCOMPLETENESS

In the previous section, we detailed a hierarchical Bayesian approach for esti-
mation of the source intensities A, the background rate &, and the population
distribution parameters @, assuming a complete sample of X-ray sources. In
Section 4.3.2, we drop the unrealistic assumption of completeness. More pre-

cisely, we consider the scenario described in Section 4.1.2, with a sample of

5A truncated-Normal parameterized by (ur, 02, a, bg) is obtained by setting the pdf of
a normal distribution with mean u, and variance o2 to 0 for all values below ag and
for all values above by (re-normalising the non-truncated part of the density). With
ForuneNorm (X; e, 072, ag, bo), we refer to the truncated-Normal pdf.

5We note that the prior that we choose for 7o differs from the prior adopted by Stam-
poulis (2017), as we found the interpretation of the truncated-Normal parameters more
straightforward and simpler to modify.
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sources detected in an X-ray and/or optical catalogue, with both catalogues
being incomplete. In Section 4.3.2, we assume the source intensities A of the

observed sources (as estimated in Section 4.2) to be known.

In our novel framework in Section 4.3.2, we employ a discrete binning based
on the source intensity 4, and Poisson modeling of the observed sources within
A-bin — we also refer to this strategy as “Poisson binning”. In the following
Section 4.3.1, we first introduce a simplified toy example to illustrate the
Poisson binning strategy, before developing our incompleteness correction

strategy in Section 4.3.2.

4.3.1 PoissoN BINNING — TOy GAUSSIAN EXAMPLE

In this section, we consider Ny to be the number of observed sources with
Nr ~ Pois(¢r), where ¢ is the expected (unknown) number of sources in
the population. For simplicity, we assume the toy source intensity population
distribution p(A) being Gaussian, with

A,‘ i’ivd N(/JT, O'T), = 1,...,NT, (4.12)
where A; are the observed toy source intensities, with population mean
ur and population standard derivation op. We employ the notation A =
(A1, ..., Any). (We note that, for clarity, in this toy example we use slightly
different notation to distinguish it from sections directly dealing with the

scientific problem.)

Likelihood function without binning: In this toy example it is straight-
forward to express the likelihood function of the model parameters ur, or,
and Y7, given the data (observed source intensities) A. Precisely, the (un-

binned) likelihood function L, can be formulated as

NT e_WT

Nt
L(ur, o7, ¢r|A) = an(Ai;#T,O'T)] l/’TN—T, (4.13)

with fy(A;; ur, or) being the normal density with mean ur and standard
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deviation o, evaluated at location A;. The log-likelihood then follows (up

to a constant) via
N:
Cu(pr, or, r|A) = —yr + Z log(fn(A; ur, o)) + Nt log(A). (4.14)

Likelihood function with Poisson binning: We now illustrate the Pois-
son binning strategy. Precisely, let k = 1, ..., K be bins on A, with A® being
the position of bin k and A\« being the size of bin k. Now, let mf\k) be the

number of sources with source intensity falling within bin k. We then have

m'\ ~ Pois(fi (AW; ur, or) Ao ¥r). (4.15)

Given (4.15), we can then define the binned likelihood function Ly (ur, o, wT|A)

Via

eIV [ (AW iy, o)A WT]m(Ak)

Ly(pr, o, yrm ) = l_[

k
X mE\ )|
(4.16)
()
With [, :,[/;1’\ = WT\’T, (4.16) can be simplified to
Ly(ur, or, ¢T|m§\k)) oc e™¥7 Zi (AN pr. o)A o (4.17)

(k)
[ T A®: . op)Agw 1™ gt
k

Up to a constant, the binned log-likelihood €5 (uz, or, 1,//T|mf\k)) can then be

written as
by (ur, o, ‘/’T|m5\k)) =—yr Z (AR ur, o) Ao (4.18)
k
+ ) m log(fn(AN; pr, o))
k

+ Z mf\k) log(Axw) + Nrlog(y¥r).
k
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If the bin range covers the support of the population distribution fy (up
to the distribution tails with negligible mass), and with a sufficiently fine
bin grid (small bin sizes), we can approximate Y fy(AX); ur, o)Ay = 1.
With 3, mﬁ\k) log(Apw) being a constant term, (4.18) simplifies to

& (ur, o, yr|m\) = —yr + Z m O log(fxn (AW); ur, o)) + Ny log ()
k
(4.19)

(k

A) € {0,1}, we can

Finally, if we make the bin grid to be fine enough, s.t. m
express (4.20) via

N
by (ur, o, wrlmi?) ~ —yr + > log(fu(Ai; pr, o)) + Nrlog (¥r). - (4.20)

such that the locations A% of the bins with observed source, that is mka) =
1, are approximately (or even exactly) at the observed source intensity A;
within the bin. More precisely, if the bin size A,«) converges towards zero
(Apwy — 0,Vk =1,...,K), then ¢}, converges towards ¢,. That is, if we use
a sufficiently fine grid on A then the (unbinned) log-likelihood in (4.14) can
be well approximated via the binned log-likelihood in (4.19) (via (4.20)). We

now illustrate the approximation of €, via €5 in a simple numerical example.

Numerical toy example for Poisson binning: Let ¢ = 100 be the
expected population size, ur = 1 be the population mean, and o7 = 0.2 be
the population standard deviation. Via Ny ~ Poisson(¢r = 100), we obtain
N7 = 91 sources in this specific example. In the next step, we sample A;,

i=1,...,Nyr =91, iid. source intensities from (4.12).

For illustration purposes, we assume the true values of o7, Ny, and A to be
known, and calculate the log-likelihood of the unbinned model via (4.14),
and for binned model via (4.19) for a sequence of values for the mean pr. In
this example, we bin the data equidistantly, s.t. mﬁ\k) e {0,1},Vk=1,...,K,
leading to K = 40,960 bins. Figure 4.5 compares the log-likelihoods (up to

a constant) of the binned and unbinned model, showing that £, (in orange)
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well approximates €, (in black) in this numerical example, both leading to

the maximum log-likelihood at the true population mean ur = 1.

In the next section we show that the binning strategy provides a convenient

framework to account for incompleteness in our scientific problem.

Toy example: Log-likelihood

© - = Log-likelihood (unbinned) P
Log-likelihood binned s~ ~
—— True value of u // \\
7 \

g | / \

S / \

! / \

/ \
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Figure 4.5: Comparison of the log-likelihood (up to a constant) in our toy simulation example,
computed via the binned model (4.19) (in orange) vs. the unbinned model (4.14) (in black).
The figure illustrates that the binned log-likelihood ¢, well approximates the unbinned log-
likelihood ¢,, both leading to the maximum log-likelihood at the true value = 1 (shown in
red).

4.3.2 METHODOLOGY — CORRECTING FOR X-RAY AND OPTICAL IN-
COMPLETENESS VIA P0OISSON BINNING

We now consider the realistic case of an incomplete sample as described in
Section 4.1.2. More formally, we assume that Nophs < Niotal, With Ngps being
the number of observed sources and Nita1 being the total number of sources in

the population, with Niota1 ~ Pois(¥), and ¢ being the expected population
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size. Let A; be the source intensity for source i, with i = 1,..., Nyotal, and
A; id Pareto(8), with Pareto density fp(4;;8) (recall that fp is a placeholder
for the single and double Pareto population density). In this section, we
assume that the source intensities for observed sources can be measured with

negligible error (we will withdraw this assumption in Section 4.4).

As described in Section 4.1.2, we assume that our sample contains sources de-
tected in an X-ray and/or optical survey, with both surveys being incomplete.
More precisely, the set of detected (observed) sources from both surveys is
overlapping, though both surveys contain sources non-detected in the other,
and we have to assume that there are sources non-detected in either of the
surveys (as sketched in Figure 4.3).

To describe these cases, we define an indicator variable Z;, with

2 if source i is observed in X-ray (w/p g(4))
Z; =141 iis observed in optical data only (w/p h(A;]9))
0 i is not observed (w/p 1-g(A) — h(A]9)),
(4.21)

with g(1;) = P(Z; = 2|4;) describing the probability of a source i being
detected in the X-ray survey’ given its source intensity A;. We assume g(-)
to be a known function. Further, h(A;|¢) = P(Z; = 1|4;, ¢) describes the
probability of a source i with source intensity A; being detected in the optical
catalogue only, with ¢ being a free model parameter. A potential form of
the X-ray incompleteness function g(-) is sketched in Figure 4.4 (red curve),
with the sum of X-ray and optical incompleteness functions, g(-) + h(:|¢),
sketched in blue.

Of course, cases Z; € {1, 2} can be observed, but not the case Z; = 0. For the

"Note that with Z = 2 we generally consider sources that are detected in X-ray and optical,
as well as sources that are detected in X-ray only. Assuming that optical matches (sources
detected in X-ray but not in optical) are missing at random, one can also discard the X-
ray sources without optical match, and only consider X-ray detected sources with optical
match as case Z =2 (e.g., as conducted and further detailed in Section 4.7).
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observed cases, we formulate the joint distributions of 4 and Z via

p(A,Z =2|0) = fp(1;0)g(1) (4.22)
p(A,Z=110,¢) = fp(1;0)h(1|¢) (4.23)

Poisson binning with incompleteness functions: We now bin the data
based on A. More precisely, let k = 1,... K be bins on 4, with bin position
A% and bin size A, . Then, within bin k we have

XM = # of objects in bin k with Z =1, with

X9 ~ Pois(fp(10;8) A0 (1P| g)p) (4.24)
X" = # of objects in bin k with Z = 2, with

X39 ~ Pois(fp(A™);0)A,08(11)p). (4.25)

That is, the number of objects observed in bin k£ and detected in X-ray
(4.25) can be modelled via a Poisson distribution, with Poisson mean (rate
parameter) being the product of the population density fp, evaluated at
the bin location A%, the bin width A 10, the population size ¢, and the
incompleteness function g(-) evaluated at the bin location A%). (Analogously
for the optical case in (4.24), replacing g(-) by h(-|¢)). We note that (4.24)
and (4.25) requires the incompleteness functions g(-) and h(-|¢) to be non-
zero for the entire support of A, to ensure that the Poisson rate parameter is
well-defined in (0, o).

To express the likelihood function, we assume X{k), Xék) i X{l), Xél)|0, oY,
for all k # 1, with k,/ =1,..., K. That is, the number of observed sources in
a bin k (X-ray or optical only) is conditionally independent of the number
of observed sources within another bin [ given the parameters (6, ¢,y). We
further assume that Xl(k) il XQ(k)M(k), that is, given the bin location A¥)
the number of sources in detected only in the optical catalog (within bin k)
does not depend on the number of X-ray detected sources in this bin. We

further note that Nx_ray = 2 XQ(k) is the number of observed sources in the
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X-ray catalogue, and Nopt = 2o X{k) is the number of sources in the optical
catalogue only®, with Nx_ray + Nopt = Nobs < Niotal-

Given the binned data Xl(k) and XQ(k), fork =1,...,K, we can express our like-
. . k k k k
lihood function L (8, ¢, y[{X{"H, AXS ) = p(UX Y (X511 10, 6,0)

k=1’
Via
k k
L(0, 6, y[{X YK (XSNK )

[e—fpu(“;oml(k) ARO[ £ (1K) 0)A i (AR |¢)¢]XY‘)
- Kk
K x{

X

_ ). ) xF)
e PO s [ fp(A10):0)A 00 g (1 1)y ] 2 |

(k)
x

which (dropping the normalizing constant W) can be simplified to?
kap 22

L(0, ¢, y[{XINE | {x VYK )y

(k)
(xe—!l/ZfP(A(k);B)AA(k)h(/l(ngzﬁ) [1—[ [fP(/l(k);e)Aﬂ(k)h(/l(k)l(ﬁ):le ]wNopt

k
¢ 3 fp(10;0)A A0 k k X, N
% =¥ X fr(A10)A 1) g(A0) 1—[ [fp(ﬂ( ):0)A g (A >)] g Nxoray
k

(4.27)

8Note that in Section 4.1.2 we denote with Noptical the number of sources that are detected
in the optical catalogue (which includes optical sources with an X-ray match), here with
Nopty we refer to the number of optical sources without X-ray match (sources detected
only on the optical catalogue).

9Note that with operator (X) we express ordinary multiplication, that is a X b = ab.

120



We can then express the log-likelihood via

€0, ¢, ] {x N {XSE)
==u Y fr(AN;0)A0h(A0]¢)
k
£ xPlog(fpa®i0)+ > xP log(h(a®)9))
{k:x{F>0) {k:xF>01)

+ > XY log(Ayw) + Nopt log(¥)
{k:xM>0)

—y > (A%;0)A0g(A%)
k

k k
£ xPlog(fr®ie)+ Y X log(g(1V))
{k:x{F>0) {k:x{F>0)

> X log(Ayw) + Nxcray log(¥). (4.28)
{k:x{F>0)

By removing constant terms, this can be simplified to

€0, ¢, y[{XVE (XY )
==y > fr(AW;0)A0 [R(AP]g) + g(11)]
k

> XMlog(fr®ien+ T xPlog(fr(a0;0)

{k:x{H >0} {k:x$H >0}
k k
+ 0 X{Plog(hPlg) + > X log(g(a))
{k:x{H >0} {k:x$0 >0}
+ Nobs log (1) (4.29)

We note that with Ay — 0, it follows that Xl(k),Xék) — {0, 1}, and with
sufficiently small bins, it follows that A¥) — A; (in cases with X{k) =1
or Xék) = 1). That is, the location of the bins (with observed sources)
approximates the location of observed source intensities A;. That is, with
a sufficiently fine bin grid, it holds that the binned likelihood approximates
the likelihood without binning (as illustrated in the previous section via a
toy example), that is L(#6, ¢,¢|{X1(k)}f:1, {X;k)}le) ~ L(6, ¢,¢|/I,Zobs) (or
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equivalently p({Xl(k)}K {Xék)}K 10, 6,¥) = p(A,Zo1sl0, ¢, ), with Zops =

k=1 k=1
(Z1,...,2Zy,,,) being a vector, with Z; € {1,2},i=1,..., Nops describing the
survey case of observed source i.

Assuming the source intensities of observed sources to be known, we now
have a model to account for the incompleteness of the observed sample (in
X-ray and optical). As shown in Section 4.2, the source intensities of ob-
served sources are latent variables and need to be estimated form the ob-
served source counts. In Section 4.4, we thus carry out our final model step
by combining the source model from Section 4.2 with the incompleteness cor-
rections developed in this section. In an intermediate step, in Section 4.3.3
we drop some simplifying assumptions made so far regarding the X-ray in-
completeness function, and describe the incorporation of a realistic X-ray

incompleteness function into our model.

4.3.3 REALISTIC X-RAY INCOMPLETENESS FUNCTION VIA MARGINAL-
IZATION OVER NUISANCE PARAMETERS

REALISTIC X-RAY INCOMPLETENESS FUNCTION DEPENDING ON NUISANCE
PARAMETERS: In the previous sections, we conveniently express the X-ray
incompleteness function g(-) as a function of the source intensities 4 (e.g.,
in (4.21) and (4.22)). Unfortunately, in reality this is not the case. More
precisely, in our model we employ the realistic X-ray incompleteness function
provided by Wright et al. (2015), which is based on extensive simulations, and
is specific for Chandra X-ray survey data. Wright et al. (2015) expresses the
X-ray incompleteness function being dependent on additional parameters.
More precisely, the incompleteness function in Wright et al. (2015) depends
on the background count per pixel &7 (in count/pixel), with & = T7¢, and
the (nuisance) parameters L and wg, where L is the off-axis angle, which
describes the distance (of a detected source location) to the centre of the
field of view, and wq is a threshold that determines the sensitivity of the

X-ray source detection method, wavdetect (Freeman et al., 2002).

In addition, Wright et al. (2015) expresses the incompleteness function in

terms of source intensity C (in counts), instead of source intensity A (in
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count /s/cm?), leading to following form

(4.30)

—cv1ér.Lwo)
P(Z=2|C,5T,L,Wo)=1—exp( )

10v2(ér.L.wo)

where values for vy (&7, L, wg) and vo(ér, L, wg) are provided by Wright et al.
(2015) as tabular data for various parameter combinations (as result of an
MCMC sampler).t?

To obtain an incompleteness function that depends on A, we now employ the
relation C; = A;7 e;, with effective area e; at the location of the source i, and
the constant exposure time 7. Additionally, employing &7 = 7€, we can now

express the incompleteness function in (4.30) via

—(AT )" (TéLwo)
10v2(7¢.L,wo)

P(Z =2|4,&,L,wp,e,T) =1—exp (4.31)

MARGINALIZATION OVER NUISANCE PARAMETERS: We now show that
marginalization over the nuisance parameters allows us to express the re-
alistic incompleteness function provided by Wright et al. (2015) solely in
terms of the source intensities A, as required for our model described in Sec-
tion 4.3.2. First, when detecting the X-ray source locations (via wavdetect),
we fix the source detection threshold to wo = 1075, and we keep wy as a fixed
parameter throughout our analysis. In addition, the total exposure time 7~
is a fixed constant in our analysis. We can thus fix these two parameters in
(4.31), and we express the incompleteness function via the remaining nui-
sance parameters L,e and £&. We can now formulate the joint distribution
of the X-ray source intensities A and remaining nuisance parameters (L, e,&)

via
p(A, L,ye,é,Z=2|0) =p(A,L,e,£l0)P(Z=2|A,L,e,é), (4.32)

with Z = 2 indicating observation in X-ray, and conditioning everything on

the Pareto parameters 8, with the incompleteness function being dependent

10We note that Wright et al. (2015) uses the notation A;(-) and A3(-), which we replaced
by v1(:) and v (+) to avoid confusion and notation overlap with our source intensities A.
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on @ only through the given 4. We can now simplify (4.32) by integrating

out the nuisance parameters, leading to

/ P L e,&Z=20)d(L,e &) = / p(A L, e,El0)P(Z=2|A,L,e,&)d(L, e, &)
(4.33)

By assuming 4, L,¢ and e all being independent, and assuming L,¢ and e

being independent of the source population parameters 6, we obtain

p(A,Z =2|0) = fp(1]0) / p(L)p(e)p(§)P(Z =2|A, L, e,§)dL, de, d¢,
(4.34)

where fp(4;0) = p(1|0) is the Pareto source intensity population density.
The left hand side (LHS) of (4.34) follows from the LHS of (4.33) by inte-
grating out (L, e, &). With the LHS of (4.22) and (4.34) being the same, we
can now simply exchange the function g(A4) in (4.22) with the function

e = [ PLPEPOPEZ =2 Loef)dL dede  (135)
to account for the contribution of additional nuisance parameters in the X-

ray incompleteness function. We detail the computation of giy¢ with values

specific to our CDFS data analysis in Section 4.7.2.
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4.4 COMBINATION OF SOURCE MODEL AND INCOMPLETENESS CORREC-
TIONS

In this final model step, we combine the source model presented in Section 4.2
with the incompleteness corrections developed in Section 4.3. More precisely,
we consider the realistic case that source intensities A; are not directly ob-
served, but can be estimated via the observed counts ¥; in source regions i
and the observed background counts X (as described in Section 4.2). We fur-
ther assume survey incompleteness, with the observed sources being detected
either in X-ray and/or in an optical catalogue (as described in Section 4.3.
The aim of this section is to develop a model that allows joint estimation of
the source intensities 4; and the source population distribution by rigorously

accounting for (X-ray and optical) survey incompleteness.

Using the same notation as in Section 4.2 and 4.3, we are interested in the pos-
terior distribution p(&,4,60, ¢,y |D,Z,s), where D = {a;,Y;, e;, X, A, T}Zolbs,
as described in Section 4.2. Zy,s = (Z1, ..., Zn,,,) is a vector, with Z; € {1, 2},
describing the survey case of observed source i, and A = (41, ... dy,,,) is a vec-
tor with the latent source intensity A; for all observed sources, i = 1,..., Nops-

The posterior distribution p(¢,4,6, ¢, ¥|D,Z}s) can then be expressed via

p(é‘:’/l’ 0’ ¢’ W|D» Zobs) =p (D |§’ ’l’ 0’ ¢’ lﬂ, Zobs)p(g’ /L 0’ ¢’ W|Zobs) (436)

A,0,0,4,Z 1
—p(DIE A0, § 5, Zopy) LA 0V L) oy 37
p(zobs)
«p(DIE, 4,0, 6,1, Zon)p(As Zonel8: 6, 0)p (8, 6,0 p ()
(4.38)

=p (D |§9 fl)P (’1’ ZObSlo’ b, ‘ﬁ)P(G)P((ﬁ)P(lP)P(f)
(4.39)

~p(DIE, D) p({XIVE (XSO 16, 6,0)
X p@)p(d)p(W)p(¢), (4.40)

where the second line holds since & is a priori independent of the other pa-
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rameters and of Z,s. In the third line we drop the constant p(Z.s). From
(4.38) to (4.39), we assume the population size ¥, the parameters 6, describ-
ing the Pareto population distribution, and the parameter ¢, describing the
optical incompleteness function, to be a priori independent. We further as-
sume that given the source intensities A = (A1, ...4y,,,), the distribution of
the observed data is independent of the source population parameters 8, the
optical incompleteness function parameter ¢, the the population size ¢, and
the observed cases Zp,s. The final step, (4.39) to (4.40), follows as described

in Section 4.3.

Finally, the formulation of the posterior distribution in (4.40) allows straight-
forward combination of the source model and the incompleteness corrections,
with p(D|é,4) being formalized in Section 4.2 via (4.6), and

p({Xl(k)}le, {Xz(k)}lk(zlw, #,¥) being given in Section 4.3 via (4.27), by treat-
ing X{k) and Xék) as latent parameters (both dependent on the latent A)
instead of observed data. With prior distributions for @ and for & speci-
fied in Section 4.2, to obtain a proper posterior distribution, (4.40) even-
tually requires the specification of proper prior distributions on the popu-
lation size ¥ and on the optical incompleteness function parameter ¢. We
choose Gamma priors on both parameters, i.e., ¢y ~ Gamma(ay, by), and
¢ ~ Gamma(ag, by). Table C.1 in the Appendix provides a summary of the

various prior choices and prior parameters used in Sections 4.6 and 4.7.

JOINT POSTERIOR DISTRIBUTION FOR THE DOUBLE PARETO POPULA-
TION MODEL: Specifying the source population distribution being the dou-
ble Pareto distribution with density fpp as specified in Section 4.2, the
joint posterior distribution of (&,4, 61,02, 711, T2, ¢, ) given the data D =
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{a;,Y;,e;, X, A, T}fiolbs and Z, is then obtained via

p(€.4,01,02, 71,72, 0,¥|D, Z5)
k k
ocp(DIE, D) p({X\ O (XSO VE 161, 602, 71, T2, 6, 0)

X p(01)p(02)p(T1) p(T2|T1)p(d) p(¥)p(€) (4.41)
AT EX £+ e )T )Y
e exp(-AT€) DTE T expl—(ase + ety L+ it T
X! " Y;!
X e—wZpo(/l(");91,02,71,72)%(,()h(/l(k>|¢)
] o]
X H [fDP(/l(k);01,92’Tl’TQ)A/l(k)h(/l(k)|¢)] yNovt
|k
xe ¥ ZfDP(/l(k)§91a92»7'1,7'2)A/[(k)gint(/l(k))
] n
X n [fDP(/l(k); 01,02, 11, TQ)AA(k)gint(/l(k))] N Xoray
k

5 egal—l) exp(=b107) X 6‘;“2_1) exp(—b262)

- 1 1 ( (2 — pr)
x Tl(a 1Y) exp(—bTTl) X 1{T1ST2};T exp (—5 (O_—TT

X ¢V exp(=byg) x YWV exp(=byy) x £1“¢ 7V exp(=bsé)  (4.42)

For ease of notation, we refer via fpp to the double-Pareto density as defined
in (4.9), and via gint(+) to the marginalized X-ray incompleteness function as
given by (4.35).

The full posterior distribution for a (single) Pareto source population distri-
bution follows analogously, by replacing fpp via fsp (as defined in (4.8)) and
by removing the prior distributions p(682) and p(72|71). Below we develop a
Gibbs-type sampler to obtain posterior draws from (4.42).
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4.5 SAMPLING FROM THE POSTERIOR DISTRIBUTION — METROPOLIS-
WITHIN-GIBBS SAMPLER

In this section, we develop a Metropolis-within-Gibbs sampler to obtain
draws from the posterior distribution detailed in the previous section. Pre-

cisely, we want to sample from the joint posterior distribution

p(f’l’ 91’ 8297-1’ T2, ¢’ ¢|D, ZObS)
xcp(DIE, D) p XY AXSNE 101,62, 71, 12, 6, 9)
X p(61)p(62) p(11)p(T2|T1) (@) p(¥)p(£), (4.43)

which is formulated in detail in (4.42). Our Metropolis-within-Gibbs sam-

pling scheme can be summarized via the following.

METROPOLIS-WITHIN-GIBBS-SAMPLER: For number of iterations¢t =1, ..., T:

e Sample A component-wise for the observed sources i = 1, ..., Nops via:

P(Ail) < frois(Yi; (aié + eid;)T) fop(Ai; 01,02, 71, 12)
[8(Ai)1iz,=0) + h(Ai|®)1z,=13] (4.44)

where fpois(x; Vpois) denotes the probability mass function of a Poisson

random variable with rate parameter vpy;s evaluated at position x.
e Sample ¢ as:
Nobs
P(€) < faamma(&: ag, be) foois(X; AET) [ | foois(¥is (i +eid)T)

i=1
(4.45)

where foamma(X; @, 8) denotes the pdf of a Gamma distributed r.v.

with shape parameter @ and rate parameter 8 evaluated at position x.
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e Sample ¥ as:

(W) < fGamma(¥; ay, bw)l//Nobs

X exp (—lﬁ Z for(AR); 01,02, 11, ) A0 [g () + h(ﬂ(k)|¢)])
%

(4.46)
e Sample 6; as:

p(01) « fGamma(01; a1, b1)
xexp (-4 ) for(1Y; 01, 02,71, 2) A0 [8(4) + h(AV19)] )

(x4 x 0
Xn[fDP(/l(k)§91a‘92,Tl,72) b (4.47)
k

e Sample 02, 11, and 12 following (4.47), but replacing the prior distribu-
tion in the first line of (4.47), fGamma(61;a1,b1)), by the prior distri-
bution of the respective parameter. That is, fcamma(62; a2, b2) for 0s;

. . . 2 _ _
fGamma(Tla ar, b‘r) for 71; and ftruncNorm(TQa M7, 0,40 = T1, by = 00) for
T9.

e Sample ¢ as:
p(¢|) x fGamma((P; ag, b¢)

0
X exp (=i Z Sop(AM); 01,02, 71, 12) Ao (AN |) l_[ h(AWI)%
k k

(4.48)

We note that the Metropolis-within-Gibbs sampler for the model with (sin-
gle) Pareto population distribution follows analogously, by just removing the
sampling steps for 62 and for 19, and by replacing fpp(-; 61,62, 71, 72) by
fsp(+;01,71).
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4.5.1 TECHNICAL DETAILS ON GIBBS-TYPE SAMPLER

JUMPING DISTRIBUTIONS AND LOG-TRANSFORMATIONS: To avoid sam-
pling from overly skewed distributions, we apply log-transformations to the
parameters 19 and A;, i = 1..., Ngps, with Jacobian adjustments following

Section C.1. The remaining parameters are sampled in ordinary scale.

We choose symmetric Gaussian jumping distributions for the parameters
&, ,01,02, and 12, being centered at the respective values of the previous
iterations, applying ordinary Metropolis updates. For 71 and for 4;, in each
iteration t = 1,...,T of the sampler one has to ensure that /lft) > Tl(t), for
all i = 1,...,Nops. We thus choose a truncated normal jumping distribu-
tions for /lfl) with mode at /1?_1) and with lower truncation at Tl(l_l). Then,
71 is updated via a truncated-Normal with mode at Tl(t_l) and with upper
truncation at min(/ll(l)) with i =1,..., Nops, and with lower truncation at 0.
Finally, ¢ is updated via a truncated normal distribution with lower trunca-
tion at 0. Given a non-symmetric (truncated-Normal) jumping distribution,
we apply Metropolis-Hastings updates following Section 1.3.2, to correct for

bias resulting from the non-symmetry of the jumping distribution.

STARTING VALUES: To obtain posterior samples from (4.42) as described
in Section 4.5, we need to define starting values for the MCMC chains for

each parameter. For A;, with i € 1,..., Nops, Wwe obtain starting values via
/i§tart — Y- X;
; _
€,'T
If 3312 < 0, i = 1,..., Nops, we sample A5 ~ Log-uniform(min(|4;]),-

max(|4;])), with j =1,..., Nops, and j # i. We obtain a starting value for &

Via

ét_?start — (449)

AT
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For all other parameters, namely 61,82, 7172, and ¢, we obtain starting
values by sampling from the respective prior distribution. Being the popula-
tion minimum, for 71, the starting value has to be smaller than min(A3%").
We thus sample from the 71 prior until this condition is met, to accept the

sampled value as starting value for 7;.

4.6 SIMULATION STUDY

In this section, we evaluate our proposed model on simulated data. In Sec-
tion 4.6.1, we detail our data generation process, aiming to mimic character-
istics of the CDFS survey. In Section 4.6.2, we evaluate our model on the
simulated data. We note that here we simulate and evaluate our framework

under the (slightly more complicated) double-Pareto population case.

4.6.1 SIMULATION STUDY — DATA GENERATION

To resemble realistic CDFS X-ray data, we design our simulation study based
on previously collected CDFS data employed by Stampoulis (2017), and we
incorporate results by Stampoulis (2017) to set our data generating param-
eters.!! Table 4.1 provides a summary of the true parameter values used in
our simulation. For the two power law slopes, we use the mean posterior
values reported by Stampoulis (2017) for their double-Pareto model, that is
67 = 0.759 and 65 = 1.52. We use the superscript ‘s’ to indicate that these are
values used for our simulations. For the two Power-law knots we use values
77 = 0.91e-7 and 75 = 5.07e—2. We note that these values are an order of
10'% and 10' higher than the values reported in Stampoulis (2017), which is
due to the different scales of flux (as used in Stampoulis (2017)) and source

intensities (used in our study).

1We note that we base our simulations on the previously collected CDFS data used by
Stampoulis (2017), since we performed the simulation study before collecting the data
employed in our data analysis described in Section 4.7. We find our simulation study to
be sufficiently related to the data used in Section 4.7. Conducting additional simulation
studies that precisely mimic the data described Section 4.7 is consideration of future
work.
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Table 4.1: True parameter values employed to generate our simulated data, with short pa-
rameter descriptions.

Simulation value Description
W 1000 Expected population size
61 0.759 First Power law slope
02 1.52 Second Power law slope
T] 0.91e-7 Population minimum
T 5.07e-2 Breakpoint
1) 1.00e-5 Optical incompleteness parameter
I3 2.0le-7 Background rate

We generate the data via the following procedure. First, we obtain the total

population size via sampling Nigta1 ~ Poisson(y* = 1000), obtaining a value

of Ni .., =980 in this particular example. We then generate our population
of source intensities by sampling A7, with i = 1,..., N} = 980, source in-

tensities iid from a double-Pareto distribution with parameters as specified
in Table 4.1. Given the population of sources intensities, we now generate
our incomplete, X-ray and optically, observed sample. To not make the sim-
ulations overly complicated, we define an X-ray incompleteness function ggim
in the same functional form as (4.31), but without dependence on nuisance

parameters. More precisely, we define ggim(+) via

gsim(4) =1 —exp (—%) (4.50)

Given ggim we then define the optical incompleteness function hgin, (+|¢*) via

hsim (A|$) = (1 = gsim (1)) (1 — exXp (_%)) (4-51)

(Figure 4.4 in Section 4.1.2 illustrates ggim(+) (in red) and (ggim (+) + Asim (*|#))

(in blue).) Given a source intensities, A7 withi=1,...,N}

in the population, we now sample X-ray survey assignment with probabilities

gSim(/li)’ l = 1, e ooy N:Otal.

be observed in X-ray. For the remaining sources in the population we sample

for each source
In our example, N%_ray = 90 sources are sampled to

optical survey assignment with probabilities hgjy, (<|¢*). ngt = 34 sources

are assigned to the optical survey this way, leading to N’ = 124 observed
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sources. The remaining Nmissing = 856 sources are considered unobserved,

leading to a high proportion of incompleteness.

Given the source intensities of the observed sources, we can now generate the
observed data. We set the exposure time 7° to the value reported by Stam-
poulis (2017), i.e., 7% = 1960631 (in seconds). We obtain realistic source
areas a; and effective areas e, i =1,..., N}, by sampling with replacement
from the reported values of source and effective areas in the CDFS data em-
ployed by Stampoulis (2017). We set the background rate via & = X’/(A’T"),
where X’ is the reported background count and A’ the reported background
area in Stampoulis (2017), leading to &° = 2.01le—7. Given &° we obtain the
observed background count X* via X* ~ Poisson(£*A*T*) with background
area A’ = Zl].iolbs a} (we choose the background area to be the same size as
the sum of source areas), leading to X* = 6098. Finally, we simulate the
observed counts Y/ at source region i via Y id Poisson((alé* + efA])T),
i=1,...,N*®

obs”

4.6.2 SIMULATION STUDY — MODEL EVALUATION

MODEL DETAILS AND SAMPLER DIAGNOSTICS: We now fit our full model
as detailed in Section 4.4 via the Metropolis-within-Gibbs sampler introduced
in Section 4.5. Table C.1 in the Appendix provides a summary of all prior

distributions and the chosen prior hyperparameters.

We run Mg, = 5 chains with different starting values. We run each chain for
T = 80, 000 iterations, and we use a burn-in of Tgym = 20,000. The remaining
60,000 draws of each chain are collected as posterior draws. Table 4.6.2
presents sampling diagnostics of the multiple chains via the Gelman-Rubin R,
and the effective sample size for each parameter. The Gelman-Rubin R is very
close to 1 for all parameters, which indicates that no convergence issues are
detected. Figure C.1 provides traceplots of the chains after burn-in (in log-
scale) visually indicating convergence of the 5 chains to the same stationary
distribution. Due to moderately high auto-correlation, the effective sample
size for parameters ¢ (877) and 71 (338) is markedly lower than for the

remaining parameters. However, we consider the obtained effective sample
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sizes being large enough for the purposes of our study.

Table 4.2: Posterior sampling diagnostics for simulation study parameters (Section 4.6.2).

R T S - A
Gelman-Rubin R 1.02 1.01 1.00 1.05 1.00 1.00 1.00
Effective size 877 3359 13964 338 38573 26045 29991

SIMULATION RESULTS: Figure 4.6 illustrates the marginal distributions (in
logyo-scale) of the main parameters in the simulation study. We are partic-
ularly interested in the (double) pareto population distribution parameters,
ie., 11, T2, 61, and #2. We also consider the remaining parameters ¢, ¢ and &
as parameters of interest (for reasons of space, we do not illustrate posterior
distributions for the latent source intensities ;). We refer to all parameters
except for the 4;’s as ‘main parameters’. Figure 4.6 illustrates that the four
population parameter marginal posterior distributions well recover the true
simulation values (shown in red). The marginal posteriors for population size
¥ and background rate & are well-centered at or close to the true values. The
marginal posterior for the optical incompleteness function is slightly shifted
from the true value. Given the good recovery of the remaining parameters,
we do not consider this shift of much concern at this level.!? Table 4.3
presents summary statistics of the main parameter marginal posteriors in

original scale.

In Figure 4.7, we illustrate pairwise marginal posterior contour-and scatter-
plots plotted in log;y-scale. There is an apparent (negative) correlation in
the posterior of 71 and . This correlation is expected. If the estimate for the
population minimum 7; goes far into the low-intensity region the estimate for
the expected population size ¢ is strongly increased via the incompleteness

corrections in the low-intensity end. If 7 is large, the number of expected

12\We note that the sample size of sources observed as ‘optical only’ is relatively small
in our simulations ngt = 34, and of much larger proportion in the CDFS analysis in
Section 4.7. We constructed the simulations before having access to the X-ray and
optical surveys considered in the CDFS data analysis section. Additional simulations
with larger proportions of optical data are considerations of future work. Repeating the
simulations for frequentist evaluations of the posterior estimates is also part of future
work.
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Figure 4.6: Marginal posterior distributions for the main parameters in the simulation study
(Section 4.6.2) illustrated in log;o-scale. The location of the true values used to simulate the

data are shown in red.
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Table 4.3: Summary statistics of the marginal posteriors for the main parameters in the
simulation study (Section 4.6.2).

Mean  Median SD 2.5% 97.5% True value
1/ 1082 1019 336 612 1916 1000
61 0.84 0.83 0.07 0.7 0.98 0.759
6o 1.97 1.66 1.39 0.24 5.51 1.52

71 | 1.5e=07 1.42e-07 7.04e-08 4.24e-08 3.14e-07 0.91e-7
T2 | 8.19e-02 5.03e-02 1.04e-01 7.18e-03 3.46e-01 5.07e-2
() 1.8e=05 1.75e-05 4.22e-06 1.12e—-05 2.76e-05 1.00e-5
& | 2.03e-07 2.03e-07 2.18¢—09 1.98e-07 2.07e-07 2.0le-7

unobserved sources is much lower, leading to lower expected population size
Y. In addition, there is visible correlation between 71 and 6;. If 71 is small,
then the first power law slope is flattened, given by smaller values of 6. In
contrast, if 71 goes farther into the data, then the (negative) slope increase,
given by larger values if 6;. The remaining parameters do not show any

visible correlations or noticeable patterns.

In summary, the simulation results demonstrate that our posterior distribu-
tions cover the true simulation parameters well, even under high proportions
of systematic incompleteness. The Gibbs-type-sampler developed in Sec-
tion 4.5 shows good convergence results and allows us to obtain samples
(approximately) from the posterior distribution, with large effective sample
sizes for most parameters. Given the promising simulation results, we now

apply our model on real data CDFS data, presented in Section 4.7.

4.7 CDFS DATA ANALYSIS

In this section, we apply our novel model for incompleteness corrections to
real X-ray data from the Chandra Deep Field South (CDFS), with optical
source locations from Arnouts et al. (2001). We provide details regarding our
data acquisition in Section 4.7.1. We provide details on the incompleteness
functions employed for our analysis in Section 4.7.2, and then apply the single
Pareto model, with results discussed in Section 4.7.3, and the double Pareto
model, results discussed in Section 4.7.4 to the CDFS data. We discuss the
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obtained log(N) —log(S) fit in Section 4.7.5.

4.7.1 CDFS: DATA DESCRIPTION

CHANDRA DEEP FIELD SOUTH (CDFS): The Chandra Deep Field South
(CDFS) was obtained via the Chandra X-ray Observatory (Weisskopf et al.,
2002), a NASA operated space telescope with very high sensitivity to faint X-
ray sources, which pointed at the same area of the sky for around 44 days to
obtain the CDFS. In this research, we employ the merged 2000, 2007 and 2010
CDFS dataset.'® The merged CDFS data has a total exposure time of 7~ =
3.8 x 108 seconds. Figure 4.8 illustrates the CDFS event file for the merged
dataset, with X-ray counts being illustrated in white. For the purposes of
our analysis, we consider a subregion of the CDFS dataset within the red
circular area illustrated in Figure 4.8.'4 The considered subregion (cicular
area in Figure 4.8) has a total area of 1,168,052 pixel. (For illustration
purposes, Figure 4.2 shows a smaller patch (zoomed in) within our circular

area, to illustrate extracted source regions in (blue and yellow) as described

below.)

To detect sources in the CDFS X-ray catalogue, we use the wavdetect source
detection algorithm (Freeman et al., 2002) with a detection threshold of
wo = 1070 to avoid background fluctuations being falsely detected as X-ray
sources. We obtain a total of 225 detected X-rays sources in our subregion.
Some of the detected X-ray source regions are illustrated in the patch shown

in Figure 4.2, via yellow circles.

OPTICAL CATALOGUE: We now add data from the optical survey. More
precisely, we consider optical sources from Arnouts et al. (2001). They de-
scribe a total of 45,912 optical sources detected in the v-band.'® A total of

13The merged CDFS data can be found here link. The merged CDFS Dataset Identifier
is: ADS/Sa.CXO#Contrib/ChandraDeepFieldS.

\We consider a circular area around the center of the CDFS observations, given at RA=
03 :32:28.2 and DEC = —27 : 48 : 36.0 (FK5). The radius of our considered circular
area is 5 arcmin.

15The complete optical data catalogue, as described in Arnouts et al. (2001), can be
accessed here: link
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https://cxc.harvard.edu/cda/Contrib/CDFS.html
https://vizier.cds.unistra.fr/viz-bin/VizieR?-source=J/A+A/379/740

Figure 4.8: lllustration of the CDFS event file for the merged (2000,2007, and 2010) CDFS
data as described in Section 4.7.1. For the purpose of our analysis, we consider the area within

the red circle as our subregion, located at the center of the CDFS field.
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4027 of these optical sources are located in our subregion of interest. We ex-
tract the exact location (not the area) of the 4027 optical sources located in
our subregion. In the next paragraph, we describe the combination (match-
ing) of the optical detected and X-ray detected sources and the calculation

of the source areas.

COMBINING OPTICAL DETECTED SOURCES WITH X-RAY DETECTED SOUR-
CES: We are now provided with source locations of sources detected in X-
ray (via wavdetect), and of sources detected in optical (via the catalogue
provided by Arnouts et al. (2001)). Since some of these source locations
(optical and X-ray) might describe the same source, we have to match the
optical catalogue with the X-ray catalogue. We first calculate the source areas
a; (in pixel) for each source. For all detected sources (X-ray and optical),
we obtain the source areas via the X-ray point spread function (PSF) map.
We employ a CDFS provided PSF map, assuming the PSF to follow a 2D
normal distribution with i.i.d components (for each pixel). To expect around
99% of the photons to fall within the source region, we set the radius of the
source area to be 3opgr of the PSF, with opgr being determined by the PSF
map value at the respective source location. (We note that our model is
flexible with regards to the PSF choice, and a more realistic PSF can easily

be incorporated.)

Before matching the X-ray and optical catalogue, we have to perform an
additional pre-processing step. In its current form, our model does not al-
low overlap between sources, however, there is a large proportion of optical
sources with overlapping source areas. Thus, we remove all optical sources
that overlap with at least one other optical source. We also remove all X-ray

sources that is connected (overlaps) with overlapping optical sources.

Finally, given the source areas a; for (non-overlapping) optical and X-ray
sources (all based on the X-ray psf map), we consider an X-ray and optical
detected source to be the same, if the optical source area overlaps with the
center of the X-ray detected source. This leads to Nx_ray = 70 sources that
are detected in both, the X-ray and optical catalogue, and Nop = 1524

sources being detected in the optical catalogue only, resulting in a total of
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Nopt = 1594 observed sources. For all these sources, we consider the source
location to be at the reported location of the respective optical source, due

to higher accuracy in the optical source location.'6

To obtain the data needed for our model, for i =1, ..., NNobs, With Nxobs =
NX_ray + Nopt, Wwe now extract the source counts Y; at the respective source
locations of sources i in the source regions a;. Further, we define an indicator
variable Z;, with Z; = 2, if source i is detected in X-ray (and optical), and
Z; = 1, if source i is detected in the optical catalogue only. We obtain the
effective area e; for source i via the CDFS provided exposure map value at
the source location.'”. Finally, we extract a background area A = 962, 795.9
(in pixel), which we consider to be the entire area of our subregion, without

the detected source areas.!®

1,654, 328.

We obtain a total background count of X =

4.7.2 CDFS: INCOMPLETENESS FUNCTION DETAILS

In order to obtain the marginalized incompleteness function gint(A4) as derived
in (4.35), we have to introduce distributions on the nuisance parameters L,
e, and £&. The realistic CDF'S incompleteness function introduced by Wright
et al. (2015), as presented in (4.30), is obtained via MCMC simulations, and

16We note that for the analysis in this section, we withdraw X-ray sources without optical
match. The uncertainty on the exact location of X-ray sources is much higher than the
uncertainty on the optical detected source locations. By assuming that optical matches
to X-ray sources are missing at random, we do not introduce any systematic effects by
removing the X-ray sources without match, but we avoid the large uncertainty on the
source location for these sources, which could substantially affect the number of source
counts reported for the respective source area.

1"We note that, in previous work by Stampoulis (2017), a scaling factor was applied to the
exposure map to obtain the effective areas as the (scaled) average exposure map value at
the source region. Since we had no access to the scaling factor employed by Stampoulis
(2017) to the time of this study, we scaled the exposure map values by a factor of 107,
to obtain effective area values that are in a similar range as the values employed by
Stampoulis (2017). This scaling factor can easily be adjusted in future studies. we note
that changing the scaling factor might change the scale of source intensities A; via (4.2).
This might lead to a shift of the log(N) — log(S) curve on the x-axis (a similar shift as
described for the count-to-flux rate described in Section 4.1)

8The background area might contain sources that are not detected. In a secondary
analysis step, we consider accounting for the thus added background counts in future
work.
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values for the incompleteness function by Wright et al. (2015) are reported
as tabular data for L and &.

More precisely, Wright et al. (2015) report values for &1 € {0.00072, 0.0030,-
0.012,0.048,0.192,0.768}, and L € {0,1,2,3,4,5}. We a priori assume the
background rates (in count /pixel)!” to be same likely. By assuming that the
population of sources is equally distributed across the sky, we obtain the prior
probabilities for p(L = j), j € {0,1,2,3,4,5} by looking at the areas of each
off-axis angle proportional to the entire subregion. We thus obtain p(L =
J) € {0.004,0.034,0.094, 0.185, 0.306, 0.377} ordered for j € {0,1,2,3,4,5}.
Finally, we model e ~ N(u, = 1.85, 0, = 0.1), which we found to cover the

distributions of effective areas well.
Given the finite grid on L and & values, we can simplify the integral in (4.32)
via

[ pwip@p©rz =21 L.e.o)dr.de. de (4.52)

- [ Y rwp@p@rz =2 Lende  (15)
L ¢

The blue curve in Figure 4.9 shows the marginalized X-ray incompleteness

function gint (A1) evaluated and illustrated on a fine grid of A values.

Finally, for the optical incompleteness function &gyt we choose a similar func-
tional form as for the X-ray incompleteness function. More precisely, we

model hgpt via

hopt(/l|¢) = (1 - gint(/l)) (1 — €Xp (_g)) ’ (454)

with ¢ being a free model parameter. The first part of the function (the
dependence on the X-ray incompleteness; (1 — gint(4) )), is added to ensure
that the sum of optical and X-ray incompleteness function is between zero
and one, i.e., 0 < ging(A) + hopt(A|¢) < 1, for any A. (The blue curve in

YWe recall that & = 7. Using the scale (in count/pixel/s), the grid values are & €
{1.89e-10, 7.89e-10, 3.16e—09, 1.26e—08, 5.05e—08, 2.02e—07}.
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Figure 4.9 illustrates the optical incompleteness function hgpt (Aépp) with
#pp being the mean marginal posterior of ¢ in the double Pareto model, with
detailed results described in Section 4.7.4).

CDFS Incompleteness functions
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Figure 4.9: Incompleteness functions for the CDFS data analysis. In the figure legend, g(2)
refers to the marginalized X-ray incompleteness function gint(4), calculated via (4.52). For
illustration purposes, for the optical incompleteness function hgpt(A|¢), we set the free model
parameter ¢ in this figure to the mean posterior value obtained for ¢ in the double Pareto
model cases, i.e., d;DP = 2.29¢—08, as discussed in Section 4.7.4.

4.7.3 CDFS: SINGLE PARETO MODEL

SINGLE PARETO — MODEL DETAILS AND SAMPLER DIAGNOSTICS: We fit

our model as described in Section 4.5, using the single Pareto population fgp.
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We run Mgp = 10 chains of our Metropolis-within-Gibbs sampler to obtain
posterior draws. We again run each chain for T = 80,000 iterations, use a
burn-in of the first Tgym = 20,000 iterations, and combine the remaining
60, 000 samples of each chain for posterior inference. Table 4.4 provides sam-
pling diagnostics, with Gelman-Rubin R being close to 1 for all parameters.
Traceplots of the chains for all main parameters are illustrated in Figure C.2,
indicating convergence of the chain to the stationary distribution (the pos-
terior distribution). Auto-correlations are somewhat higher in this real data
case compared to the simulation study, but the effective sample sizes (as
shown in Table 4.4) are again reasonably large for posterior inference in this

case.
Table 4.4: Posterior sampling diagnostics for parameters CDFS single Pareto (Section 4.7.3).
Yy 61 T ¢ &

Gelman-Rubin R 1.01 1.05 1.04 1.04 1.00
Effective size 854 407 318 1001 21138

POSTERIOR DISTRIBUTIONS FOR SINGLE PARETO MODEL: In Figure 4.10,
we illustrate the marginal posterior distributions (in log;y-scale) obtained for
the main parameters of the single Pareto model in the CDFS data analysis. In
log;o-scale, all five parameters show ordinary bell shaped marginal posterior
distributions. Summary statistics of the marginal posterior distributions are
presented in Table 4.5. Notably the marginal posterior distribution of the
expected sample size ¢ indicates a large proportion of incompleteness, with
a mean marginal posterior of ¥gp = 108, 323 the expected population size is

much larger than the total number of observed sources Nopt = 1594.

We further note that the marginal posterior distribution that we obtain for
the power law slope 61, with a posterior mean of fgp = 0.52, is systematically
lower than the one reported by Stampoulis (2017), with a mean posterior of
0.963. We note that Stampoulis (2017) considers 358 X-ray sources detected
in the CDFS field (based on a wider subregion). They further do not consider

any optical sources, and therefore do not exclude any overlapping sources.?

20We recall that overlap of sources only occurs by adding sources detected in the optical
catalogue.
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Table 4.5: Summary statistics (in original scale) of the marginal posteriors for the main
parameters in the CDFS data analysis via the single Pareto population model (Section 4.7.3).

Mean  Median SD 2.5% 97.5%
/4 108,323  106.947 21,642 70,631 153,945
01 0.52 0.52 0.02 0.47 0.56

71 | 2.27e=12  2.02e-12 1.25e-12 5.47e-13 5.26e—12
¢ | 2.32e-08  2.3e—=08 5.42¢-09 1.31e-08 3.44e-08
¢ | 451e-07 4.51e-07 3.38e—=10 4.51e—-07 4.52e-07

Model differences and data differences could thus explain the effect. We note
that a comparison between our estimate of the population minimum value
71 and the value reported by Stampoulis (2017) is not meaningful, due to
the different scales of flux S (considered by Stampoulis (2017)) and source
intensities A (considered in our study). An appropriate count-to-flux scaling

factor will be applied in future work to provide direct comparisons.

We further note, that our posterior mean for the background rate égp =
4.51e=07, leads to a value of & = éspT = 1.71 (in count /pixel) which slightly
exceeds the largest tabulated value by Wright et al. (2015), which is 0.768.
This is mainly due to much longer exposure times of the CDFS data in our
study (77 = 3.8 x 10% seconds, vs. 1.96 x 105 seconds considered by Wright
et al. (2015)). In future work, we will carefully extend the grid values of the

X-ray incompleteness function to account for this difference.

Figure 4.11 illustrates the pairwise marginal posterior distributions. As al-
ready observed in our simulation study, there is a correlation between pop-
ulation minimum 7; and power-law slope 6. Lower values for 11 correspond
to a flatter power law slope 6. In addition, a lower population minimum
71 leads to larger expected population size . Further, there are moder-
ate correlations visible between the optical incompleteness parameter ¢ and

91,‘[‘1.
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Figure 4.10: Marginal posterior distributions for the main parameters in CDFS data analysis

via the single Pareto model (Section 4.7.3), illustrated in log;,-scale.
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Figure 4.11: Pairwise marginal posterior distributions for the main parameters in the CDFS
data analysis via the single Pareto model (Section 4.7.3), illustrated in log;-scale. (We note
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the ticks labels present the parameter coordinates of the scatterplots.)
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4.7.4 CDFS: DOUBLE PARETO MODEL

DOUBLE PARETO — MODEL DETAILS AND CHAIN DIAGNOSTICS: In this
paragraph we fit our model via the double Pareto population fpp, running
Mpp = 10 chains of our Metropolis-within-Gibbs sampler to obtain pos-
terior draws, again for 7 = 80,000 iterations with a burn-in of the first
Tun = 20,000 iterations. Numerical chain diagnostics via the Gelman-
Rubin R (shown in Table 4.6), and visual inspection (via traceplots; Fig-
ure C.3) indicate convergence of the chains to the posterior distribution.

Effective sample sizes are reasonably large for posterior inference.

Table 4.6: Posterior sampling diagnostics for parameters CDFS double Pareto (Section 4.7.4).

[/ 02 T1 T2 ¢ 3
Gelman-Rubin R 1.04 1.04 1.00 1.08 1.00 1.04 1.00
Effective size 926 399 19310 276 67014 1032 20286

POSTERIOR DISTRIBUTIONS FOR DOUBLE PARETO MODEL: Compared to
the single Pareto model, the double Pareto model includes two additional pa-
rameters, the breakpoint 19, and the second power law slope 5. We first com-
pare the parameter estimates of the single and double Pareto model for the
remaining parameters that are included in both models. Table 4.7 presents
summary statistics of the marginal posterior distributions obtained via the
double Pareto model, and Figure 4.13 illustrates the pairwise marginal dis-
tributions. Notably, the posterior distributions of the parameters 7, 61, ¢, ¢
and & are almost identical for the single and double Pareto fit. In turn, the
posterior distributions of the additional double Pareto parameters 7o and
02 have very large uncertainties, as illustrated via the marginal posterior
distributions (shown in original scale) in Figure 4.12. In fact, the marginal
posterior distribution of 62 shows high probabilities in regions that have high
probability of 8. This indicates that there is little evidence for a breakpoint
and a second power law slope in this case. We note that such a result can
be expected for the CDFS data at hand. Being a deep field survey with very
long-lasting exposure time, for the CDFS survey, a region of the sky with

(almost) no bright sources was selected to facilitate the detection of faint
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sources. Breakpoints are generally required for such very bright sources.

Table 4.7: Summary statistics of the marginal posteriors for the main parameters in the CDFS

data analysis via the double Pareto population model (Section 4.7.4).

Mean  Median SD 2.5% 97.5%
/4 110,704 109,192 21,405 72,660 156,631
01 0.52 0.52 0.02 0.47 0.56
69 2.14 1.83 1.62 0.12 6.1
71 | 2.19e—12 1.93e—-12 1.26e—12 5.21e—13 5.25e—12
T | 5.53e—04 5.31e-04 2.37e-04 1.65e—04 1.13e-03
¢ | 2.29e—-08 2.27e—08 5.46e—09 1.30e—08 3.42e—08
& | 4.51e-07 4.51e-07 3.37e—10 4.51e—-07 4.52e-07

Notably, the marginal posterior distribution for 19 exhibits multiple modes,

as illustrated in Figure 4.12. There is a small rise in the marginal posterior

distribution of 19 close to zero. This small mode close to zero leads to the

highly skewed, long left-tailed posterior distributions of 12 in log;y-scale, as

shown in Figure 4.13 (5" row and column).
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Figure 4.12: Marginal posterior distributions for T2 and 62 (in original scale) for the double

Pareto model (Section 4.7.4). The marginal distributions of the remaining parameters are

very similar to the single Pareto case, illustrated in Figure C.4 in the Appendix.

4.7.5 CDFS: log(N) —log(S) ESTIMATION

We finally compute the log(N) — log(S) curve based on the posterior distri-

butions obtained in the previous sections. Figure 4.14 presents the log(N) —
log(S) obtained via the single Pareto (blue dashed line) and the double Pareto
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Figure 4.13: Pairwise marginal posterior distributions for the main parameters in the CDFS
data analysis via the double Pareto model (Section 4.7.4), illustrated in log;,-scale. (We note
that left upper y-axis labels present the scale of the marginal density for . In all other cases,

the ticks labels present the parameter coordinates of the scatterplots.)
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(orange solid line) model. More precisely, we compute the single Pareto
log(N) — log(S) via N(> S) = (1 — Fsp(4;711,61))¢ and the double Pareto
via N(> S) = (1 = Fpp(4; 11, T2, 01, 602) )¢, where Fsp denotes the CDF of the
single Pareto distribution, and Fpp the CDF of the double Pareto distribu-
tion. In Figure 4.14, we use the mean of the marginal posterior distributions
presented in Tables 4.5 and 4.7 as values for the population parameters and
for ¥ to compute N(> S).

As expected from the results presented in Sections 4.7.3 and 4.7.4, the
log(N) — log(S) for the single Pareto and for the double Pareto model are
almost identical. There is a visible difference between the two log(N)—1log(S)
curves after the breakpoint 75 of the double Pareto model. However, given
that at the location of the breakpoint 19, we have log;o(N > §) ~ 0.7, and
10%7 ~ 5, the are around 5 sources expected in the single Pareto model that
are brighter than in the double Pareto model after this breakpoint. For il-
lustration purposes, we add the naive log(N) — log(S) estimate as described
in Section 4.1 (and previously illustrated in Figure 4.1). Of course, the naive
estimator and our log(N) —log(S) estimate lead to very different results. For
instance, the naive estimator does not account for incompleteness, leading to

a much lower population sizes (illustrated via lower values on the y-axis).

Lastly, Figure 4.9 illustrates the combined incompleteness function of X-
ray and optical (in blue), using the posterior mean value for ¢ (obtained
via the double Pareto model) to compute hgpi(A]|¢). Figure 4.9 illustrates
that combining X-ray detected sources with sources detected in an optical
catalogue leads to much improved completeness for lower source intensities.
This underlines the advantage of combining the sources detected in X-ray
and optical surveys, while carefully accounting for the incompleteness in both
surveys. We provide an extended discussion and summary of the findings, as

well as prospective future work in Section 5.3.
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Figure 4.14: log(N) — log(S) curve for the CDFS data analysis via the single (blue dashed
line) and double (orange solid line) Pareto model. Posterior means are used from each model

to obtain the presented log(N) — log(S) curves. The green ‘curve’ is obtained via the naive

estimate described in Section 4.1.
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DISCUSSION

In this last chapter, we provide a summary and discussion of the research
conducted in this thesis. We discuss Chapters 2 to 4 separately, summarizing
the key points of the projects, state limitations and outline prospective future
work. We conclude with some final remarks in Section 5.4.

5.1 StratLearn — A NOVEL GENERAL-PURPOSE METHOD

In Chapter 2, we provide a simple, though statistically principled and theoret-
ically justified method for learning under covariate shift conditions. We show
that StratLearn outperforms a range of state-of-the-art importance weighting
methods on toy covariate shift examples, and on two contemporary research
questions in cosmology especially in the presence of a high-dimensional co-
variate space. The assumption of covariate shift is rather strong, requiring
that there are no unmeasured confounding covariates — something that can-
not be guaranteed in general. In a toy example, however, we demonstrate a
certain robustness of our method against violation of this assumption. Fur-
ther work is necessary to assess more fully the performance of StratLearn

when this assumption is only approximately fulfilled. We emphasize that the
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covariate shift framework is best justified in the presence of a large number of
covariates mitigating the risk of unmeasured confounders — in which case it is
critical to adopt a method that, like StratLearn, can robustly handle many co-
variates. Our framework is entirely general and versatile, as illustrated with
examples of regression, conditional density estimation and classification. No-
tably, our numerical demonstrations illustrate the advantage of using only a
subset of the source data when formulating predictions for individual objects
in the target, where the subset is chosen for its similarity to the target data
in question (through stratification). This is a markedly different strategy to
the widespread practice of including all possible available observations when

fitting learning models.

The novelty of our approach is grounded in the transfer of the well-established
causal inference propensity score framework (Rosenbaum and Rubin, 1983)
to the domain adaptation/covariate shift setting, by demonstrating that a
method established to obtain unbiased treatment effect estimates can be
adapted to optimize the target risk of a supervised learner under covariate
shift. In future work, this extension gives a chance to transfer hard won
practical advice from causal inference (e.g., balance diagnostics, estimation
of propensity scores, choice of included covariates (Rosenbaum and Rubin,
1984, Austin et al., 2007, Pirracchio et al., 2014), etc.) to the covariate
shift framework. We will also explore the possibility of taking advantage of
Proposition 1 through a matching approach (Imbens and Rubin, 2015), which
could prove more sensitive to the underlying propensity score distribution.
We believe StratLearn may become a powerful alternative to importance

weighting, with a myriad of possible extensions and applications.

5.2 PHOTO-z7 CALIBRATION

In Chapter 3, we propose a novel method that improves photometric red-
shift calibration for weak lensing. The central planck of our approach is
the estimation of galaxy-per-galaxy photo-z conditional densities within a
Bayesian hierarchical model, coupled with the StratLearn framework. The

computation of galaxy-level conditional density estimates allows us to in-
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troduce an alternative tomographic binning strategy to the usual photo-z
point estimate based binning (e.g. zp-based binning). We presented a hier-
archical Bayesian framework, (StratLearn-Bayes), to model summaries of the
conditional density estimates to obtain nearly unbiased photometric redshift

population mean estimates within tomographic bins.

We evaluated our method on a comprehensive and realistic simulation study
(Wright et al., 2020, Van Den Busch et al., 2020) mimicking the KiDS+VI-
KING-450 dataset (Wright et al., 2019, Hildebrandt et al., 2020) with realistic
photometric noise and spectroscopic incompleteness. The results of our study

can be summarized in three points:

1. Our StratLearn conditional density-based tomographic binning strat-
egy substantially improves upon the zp tomographic bin assignment,
with an overall binning accuracy of ~62.2% using StratLearn, compared

to ~52.6% using zp.

2. Our StratLearn-Bayes model leads to the lowest bias in the estimation
of tomographic redshift population means. On average across the five
tomographic bins, our proposed StratLearn-Bayes method leads to an
absolute bias of 0.0052, a substantial improvement over the previously
best calibration method, SOM with zg binning (Wright et al., 2020),
of 0.0085 average absolute bias. The strong reduction of bias is ac-
companied by a slightly increase in uncertainty, leading to an average
standard deviation of 0.0067, compared to 0.0051 (Wright et al., 2020).
Using our StratLearn-Bayes framework, we find a maximum bias of
A{z) = 0.0095 £ 0.0089, slightly below the potentially critical bias value
of A(z) > 0.01, compared to SOM based on zp binning, which leads to
maximum biases of 0.0135 + 0.0052 and 0.0147 + 0.0040.

3. While the previously best calibration method, SOM based on zp bin-
ning, requires systematic quality cuts to define a gold standard sample
(Wright et al., 2020), our method does not require any cuts of the
photometric sample. Thus, together with the improved tomographic
bin assignment, our StratLearn-Bayes framework delivers an increase

of ~18% in the galaxies available for the cosmic shear analysis.
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It has long been understood that bias in the first moment (mean) estimate of
the photometric redshift population distributions (within tomographic bin) is
the pre-dominant source of systematic errors in cosmic shear (e.g, Amara and
Refregier 2008, Wright et al. 2020). We show that exploiting the properties of
a hierarchical Bayesian framework to model the photo-z conditional densities

allows nearly unbiased recovery of the population means.

In this work, we modeled the redshift populations (within tomographic bins)
as Gaussian distributions, which is not a realistic shape for the redshift popu-
lation distributions. However, an accurate estimation of the population red-
shift distribution could also be incorporated in our framework: we provide
a proof of concept demonstration in Section 3.5.5, where we employ inverse
propensity score (inverse-PS) weighting of the spectroscopic data to recover
the redshift population distributions within bins. To combine the best of
both worlds, in a future work we will extend our StratLearn-Bayes method
for nearly unbiased population mean estimates to incorporate the inverse-PS
method to accurately capture the shape of the photometric redshift distri-
butions. This will require a comprehensive assessment of the inverse-PS

method, as well as the development of a principled combination strategy.

Finally, we believe that our improved tomographic binning assignment, the
reduction of population mean bias within tomographic bin, and the increase
in the number of galaxies available for cosmic shear analysis will have a
substantial impact on the eventual scientific results and cosmological pa-
rameter inference. Re-analysing the KiDS+VIKING-450 data with our im-
proved calibration method might lead to more precise and more accurate
constraints on cosmological parameter estimates, particularly on Sg, the clus-
tering strength of (predominantly dark) matter. We further believe that our
proposed method might provide a powerful tool to improve the analysis of

present and upcoming cosmic shear analysis.
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5.3 LUMINOSITY DISTRIBUTION KESTIMATION VIA INCOMPLETE SUR-
VEYS

In chapter 4, we develop a novel method to combine incomplete (X-ray and
optical) surveys for estimation of the galaxy luminosity distribution in X-
rays. Accurate modeling of the luminosity distribution allows astronomers to
answer questions about the geometry and structure of the universe. A major
complication in the estimation of galaxy luminosity distributions in X-ray
is large incompleteness in the low-intensity end of the distribution. Sources
with low-intensities are least likely to be detected, but most prevalent in
the population. Ignoring the non-representativeness of the observed sources
would lead to large inferential bias, and a potential misunderstanding of the

underlying structure of the universe.

In this project, we demonstrate that optical survey data can be leveraged to
obtain a much larger and more complete observed sample for low-intensity
sources. We carefully account for the incompleteness in X-ray detected
sources by incorporating a known incompleteness function, obtained via pre-
vious simulations (Wright et al., 2015). The incompleteness of the optically
detected sources is modelled via a second (optical) incompleteness function
with parameters fitted within the model. Evaluating our model on simula-
tions realistic for the CDFS data, we show that we can accurately recover the
luminosity function even under high proportions of incompleteness. Our sim-
ulations as well as the CFDS data application show a moderate correlation
between the population minimum parameter 1 and the expected population
size ¥, as well as the first power-law slope #;. Underestimating 71 would
lead to a strong inflation of the expected population size and a flattening of
the first power-law slope. In our simulations, all three parameters are well
recovered by our model, providing confidence for our model fit on the CDFS
data. We consider additional analysis steps regarding the reliability of the

71 population minimum estimate in future work.

In our analysis of the CDFS data, the single Pareto population model and the
double Pareto population model lead to almost identical results, i.e., there

is not much evidence for a power-law breakpoint 7. The CDFS survey was
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constructed to observe faint sources via long-lasting exposure times. To re-
duce interference, a field of the sky without occurrences of very bright X-ray
sources was selected. Breakpoints are usually required for such (very) bright
sources. We will apply and evaluate our model on additional X-ray surveys
to investigate the presence of one (or additional) power-law breakpoints (e.g.,
data from Chandra Cygnus OB2 Legacy Survey (Wright et al., 2014)). The
hierarchical structure of our model allows relatively straightforward exten-
sions to models with additional breakpoints, e.g. a triple Pareto model, as
briefly discussed by Stampoulis (2017).

In addition, there might be occurrences of sources that are detected in an
optical catalogue, having optical emissions, but no X-ray emissions (being
X-ray dark). Such sources would have zero probabilities of being detected in
X-ray. To investigate such cases, a zero-inflated component could be added
to the model, allowing source intensities to be zero. Such a component might
effect the estimate for the population minimum 7; of sources that have X-ray

emissions. We will consider a zero-inflated model option in future work.

Another major line of future work is the consideration of overlapping sources.
Modelling each segment of overlap between sources would allow he incorpo-
ration of overlapping sources into the model, which would strongly increase
the available data size, and might thus substantially improve model pre-
cision. A downside of modelling the segments of overlap is the increasing
model complexity and large number of added parameters, which might make
model fitting more challenging. There are additional technical challenges
and extensions considered in future work, such as including more realistic
(individual) point spread functions for each source to obtain more accurate
source areas, add a realistic count-to-flux rate (potentially with errors) to
obtain the log(N) — log(S) based on the source flux S, adjust the exposure
map scaling, and account for background contamination via non-detected
sources. In addition, our model could readily be extended to include ad-
ditional surveys e.g. radio surveys, or other optical surveys. A combined
incompleteness function, including all additional sources, could directly be
fitted in the current form of our model. Our model could also be extended

to allow individual incompleteness functions for any additional survey.
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We note that the intricacy of the scientific problem makes the design of re-
alistic simulations that cover all data aspects challenging. We are confident
that the simulations provided in Chapter 4 realistically cover major aspects
of the CDFS data analysis. Implementing additional simulations (e.g. con-
sidering various types of misspecifications) could provide further evidence for

our proposed model, and will be part of future work.

5.4 CONCLUDING REMARKS

This thesis considers several cases of non-representative data in astrophysics.
We highlight that disregarding non-representativeness of the observed data
with respect to its underlying population might lead to very inaccurate sta-
tistical models, non-reliable statistical inference, and potentially to an erro-
neous understanding of the Universe. We emphasize that the (current and
upcoming) availability of large data does not alleviate, but might aggravate

systematic errors arising through non-representativeness of observed data.

In our research, we provide novel general-purpose methodology for statis-
tically principled learning from non-representative data, presented in Chap-
ter 2. We believe that our novel framework will have a myriad of applications
to account for non-representativeness in astrophysics, as well as in other sci-
entific fields. We extend our method proposed in Chapter 2 to develop a
general methodology for a topical scientific issue, the calibration of photo-
metric redshift for weak lensing, as presented in Chapter 3. We believe that
our proposed method might mitigate inferential biases and discrepancies in
present and future scientific weak lensing analyses. In chapter 4, we de-
sign a highly principled, scientifically justified statistical model tailored to
an intricate scientific problem, the estimation of X-ray galaxy luminosity

distributions under strong incompleteness.

Non-representativeness of the observed data is often difficult to detect and di-
agnose, but prevalent and an underlying issue in many scientific problems. In
this thesis, we demonstrate several examples of non-representative data, and
provide solutions of how non-representativeness can be tackled depending on

the level of background and detail available, ranging from readily applica-
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ble general-purpose methodology to highly tailored statistical and scientific
analysis. The broad range of research conducted in this thesis allows several
exciting avenues for further statistical and scientific explorations, with the

overall goal of mitigating bias in our scientific understanding.
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ADDITIONAL RESULTS FOR
CHAPTER 2

A.1 ADDITIONAL RESULTS FOR SNIA IDENTIFICATION

This Section provides additional results and details complementing Section 2.5,
which describes the classification of supernovae (SNe) into Type Ia (SNla)
and non-SNIa based on photometric light curve data, given a strongly biased

source data set from Kessler et al. (2010a).

COMPARISON OF IMPORTANCE WEIGHTING METHODS: In addition to im-
portance sampling (as presented in Figure 2.7), we investigate two further
importance weighting approaches to obtain a comprehensive performance
comparison of importance weighting and StratLearn. More precisely, we im-
plement IWCV, and a combination of IWCV and importance sampling. Ta-
ble A.1 presents the resulting target AUC for all implemented weighting
methods. In summary, none of the importance weighting methods are com-
petitive with StratLearn, which obtained a target AUC of 0.958. In fact,
using IWCV alone leads to a decrease in performance for NN (0.897) and
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Table A.1: AUC results on the updated SPCC (photometric) target data (Kessler et al.,
2010a), using various importance weighting approaches to adjust for covariate shift.

IWCV  importance sampling IWCV + importance sampling

uLSIF  0.906 0.902 0.906
NN 0.897 0.923 0.914
IPS 0.897 0.921 0.924

Table A.2: Average (SD) of SMD and KS-stats computed on the observed covariates from
the updated SPCC data (diffusion map coordinates, redshift and brightness) on “raw” data,
and in strata built by StratLearn and STACCATO, respectively. Strata 3-5 are not displayed
due to a shortage of source data. Smaller values indicate better balance.

STACCATO StratLearn

Stratum 1 Stratum 2 Stratum 1 Stratum 2

SMD 0.114 (0.202) 0.053 (0.039) 0.189 (0.195) 0.034 (0.028) 0.103 (0.161)
KS-stats 0.187 (0.084) 0.074 (0.05) 0.206 (0.093) 0.056 (0.048) 0.131 (0.08)

“raw” data

IPS (0.897) relative to the Biased fit (0.902). In order to reweight the loss of
each object separately when implementing IWCV, we optimize with respect
to the log-loss instead of AUC. We do not expect this to be responsible for
the decreased target performance. For example, using log-loss as the hyper-
parameter selection criterion for StratLearn in each source group (instead of
AUC) leads to the same target AUC of 0.958. Importance sampling is the
only weighting method for which we present the associated ROC curve in

Figure 2.7, because it has the highest average AUC.

COVARIATE BALANCE ON UPDATED SPCC DATA: Table A.2 presents
the covariate balance on the updated SPCC data before stratification (“raw”
data), and after stratification via STACCATO and StratLearn, respectively.

On the non-stratified “raw” data, we measure an average (SD) SMD of 0.114
(0.202) across the 102 covariates, with an average (SD) KS-stats of 0.187
(0.084). StratLearn leads to increased balance within strata, strongly re-
ducing the average (SD) SMD to 0.034 (0.028) in stratum 1; KS-stats: 0.056
(0.048); and to an average (SD) SMD of 0.103 (0.161); KS-stats: 0.131 (0.08);
in stratum 2. (The remaining strata contain too few source data to assess

covariate balance.)

162



On average (SD) across all covariates, STACCATO led to an SMD of 0.053
(0.039); KS-stats: 0.074 (0.05), in stratum 1, and an average (SD) SMD
of 0.189 (0.195), KS-stats: 0.206 (0.093), in stratum 2, much higher than
StratLearn.

A.2 STRATLEARN APPLIED TO ORIGINAL SPCC DATA

This section provides additional numerical evidence for StratLearn, perform-
ing SNIa classification on the original “Supernova photometric classification
challenge” (SPCC) data set provided by (Kessler et al., 2010b), an earlier ver-
sion of the SPCC data described in Section 2.5. The application of StratLearn
on the original SPCC data is mainly for comparison with previous literature
that use this data set.

DATA: The earlier version of the SPCC data features a total of 17,330
simulated SNe of type Ia (SNIa), Ib, Ic and II. The data set is divided
into a source (training) set Dg of 1217 spectroscopically confirmed SNe with
known types, and (target set) Dz of 16,113 SNe with unknown types and
only photometric information. The simulation used to generate the original
SPCC data suffered from a bug that made classification easier, thus leading
to the updated SPCC data used in Section 2.5. As in Section 2.5, we applied
GP fitting and diffusion maps (Revsbech et al., 2018, Richards et al., 2012)
to obtain a set of 102 predictive covariates; 100 covariates from the diffusion
map, plus redshift (defined in Section 2.6) and a measure of the objects’
brightness (Revsbech et al., 2018).

REsuLTs: Table A.3 presents the composition of the five strata obtained by
conditioning on the estimated propensity scores, exhibiting a similar pattern
as the strata composition on the updated SPCC data (Table 2.4), though with
a higher proportion of SNIa in the first stratum and even less source data in
strata 3 — 5. We thus follow the same strategy as described in Section 2.5.
After stratification, a random forest classifier is trained and optimized on

source strata Dg, and Dy, separately to classify SNe in target strata Dr,
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Table A.3: Composition of the five strata on the original SPCC data (Kessler et al., 2010b).
The number of SNe, as well as the number and proportion of SNla are presented in each source
and target stratum.

Number Number  Prop.
Stratum Set of SNe of SNIa of SNIa

1 Source 996 794 0.80
Target 2470 1759 0.71
2 Source 210 56 0.27
Target 3256 1010 0.31
3 Source 9 0 0
Target 3457 385 0.11
4 Source 2 1 0.50
Target 3464 258 0.07
5 Source 0 0 NA
Target 3466 180 0.05

and Dr,, respectively. Source strata Dg, for j € {3,4,5} are merged with
Dy, to train the random forest to predict Dr; for j € {3,4,5}. Repeated 10-
fold cross validation (with the hyperparameter grid described in Section A.1)

is performed to minimize the empirical risk of (2.17) within each group.

With StratLearn we obtain an AUC of 0.977 on the target data of the original
SPCC data (blue ROC curve in Figure A.1), very near the optimal ‘gold
standard” benchmark, which is 0.981 on this data set (obtained on a set
with 1217 objects randomly selected from the target data as a representative
source set, which would not exhibit covariate shift and would not be available
in practice). The AUC obtained with StratLearn is also larger than the
previous best published AUC for this data, AUC = 0.961 (Revsbech et al.,
2018) with STACCATO, which employs a data augmentation strategy and
target data leakage. Note that the predictive target performance on the
original SPCC data (Kessler et al., 2010b) is generally higher than on the
updated version (Kessler et al., 2010a), due to the aforementioned bug that

made classification easier.

Most of the importance weighting methods (Table A.4) lead to slight im-
provements over the (non-adjusted) Biased model fit. The best performing

weighting approaches (using estimated NN or IPS weights for importance
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Figure A.1: Comparison of ROC curves for SNla classification using the original SPCC data
(Kessler et al., 2010b). Bootstrap AUC standard errors (from 400 bootstrap samples) are
presented in parenthesis.

Table A.4: AUC results on the original SPCC (photometric) target data (Kessler et al.,
2010b), using various importance weighting approaches to adjust for covariate shift.

IWCV  importance sampling IWCV + importance sampling

uLSIF  0.934 0.929 0.936
NN 0.934 0.942 0.931
IPS 0.934 0.942 0.931

sampling) obtain a target AUC of 0.942, substantially lower than StratLearn
(AUC: 0.977). Importance sampling is the only weighting method for which
we present the associated ROC curve in Figure A.1, because it has the highest
average AUC.

A.2.1 CoOVARIATE BALANCE CHECK ON ORIGINAL SPCC DATA

In this section, we illustrate the balancing property of propensity scores by
assessing the covariate balance in the original SPCC data within strata con-

ditional on the estimated propensity scores, such as described in the last
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paragraph of Section 2.3. In particular, we show that such balance assess-
ment could be helpful to assess the suitability of choice of covariates and/or

the propensity score model.

As mentioned in Section 2.5, the method proposed by Revsbech et al. (2018)
(STACCATO) can be viewed as a prototype of StratLearn, as it augments
the spectroscopic source data separately in strata based on the estimated
propensity scores. STACCATO employs two covariates (“redshift” and mea-
sure of brightness) as main effects in a logistic regression model to esti-
mate the propensity scores. In contrast, StratLearn includes all 100 diffusion
map covariates (Section 2.5), in addition to “redshift” and “brightness”, as
main effects in a logistic regression model to estimate the propensity scores.
We assess the balance achieved through stratification by means of two com-
monly used balance measures: absolute standardized mean differences and
the Kolmogorov-Smirnov test statistics (Austin, 2011, Mccaffrey et al., 2013),
computed for each covariate within strata. Table A.5 shows that, on average
across observed covariates, StratLearn leads to substantially reduced abso-
lute standardized mean differences and Kolmogorov-Smirnov test statistics
in strata 1 and 2, compared to STACCATO. We only report balance mea-
sures in strata 1 and 2 because of a shortage of source data in the remaining
strata. Thus, building the strata by conditioning on the StratLearn esti-
mated propensity scores leads to improved covariate balance (i.e., reduced
covariate shift) within strata, compared to using the STACCATO estimated
propensity scores. Notably, comparing the predictive performance, STAC-
CATO (without augmentation) yields a target AUC of 0.942, whereas with
StratLearn we obtain an AUC of 0.977 on the target data — a substantial
improvement resulting from the improved covariate balance by accounting

for potentially confounding covariates.

For illustration purposes, in Figure A.2 we display a more detailed balance
check, comparing the absolute standardized mean differences computed for
each covariate in stratum 1 (obtained through StratLearn (black) and STAC-
CATO (red)) with the absolute standardized mean differences of the covari-
ates without stratification. In general, points below the diagonal line indi-

cate better balance in the stratum compared to the balance on the ‘raw’
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Table A.5: Average (SD) of SMD and KS-stats computed on the observed covariates from
the original SPCC data (diffusion map coordinates, redshift and brightness) on “raw” data,
and in strata built by StratLearn and STACCATO, respectively. Strata 3-5 are not displayed
due to a shortage of source data. Smaller values indicate better balance.

StratLearn STACCATO

Stratum 1 Stratum 2 Stratum 1 Stratum 2

SMD 0.126 (0.184) 0.031 (0.026) 0.066 (0.121) 0.057 (0.055) 0.132 (0.127)
KS-stats  0.186 (0.073) 0.053 (0.019) 0.095 (0.053) 0.084 (0.027) 0.163 (0.066)

“raw” data

non-stratified data. Even though Revsbech et al. (2018) (STACCATO) just
include redshift and brightness in the propensity score estimation, both ap-
proaches balance the majority of the covariates. However, the black (StratLearn)
standardized mean differences have visibly smaller values in the y-direction,
indicating better balance compared to the approach in Revsbech et al. (2018)
(red). Note that for clarity of Figure A.2, we removed one outlier (bright-
ness) with a raw standardized mean difference of 1.5, which was very well
balanced with a standardized mean difference of around 0.09 in stratum 1
by both approaches. Assessing the balance of individual covariates as illus-
trated in Figure A.2 might be particularly useful to evaluate (and improve)
the resulting balance of covariates important for outcome prediction. Some
domain-specific expertise might be necessary to identify such covariates. In
Section 2.4.2, we show how covariate balance assessment can be employed to

evaluate the propensity score model choice.

Table A.6 presents balance comparisons between STACCATO and StratLearn
via predicted outcome labels (as described in Section 2.3.3). StratLearn leads
to much better balance between predicted outcome proportions within strata
1 and 2, and thus to much higher p-values than STACCATO, implying a
much weaker relation between source/target assignment and predicted out-
comes. The comparison of predicted outcome proportions and p-values (be-
tween StratLearn and STACCATO) provide a straightforward indication to
employ the StratLearn propensity score model for stratification, which in
turn leads to much improved outcome model predictive performance of SNIa

classification.
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Figure A.2: Absolute standardized mean differences between source and target data of stratum
1 plotted against raw data absolute standardized mean differences for both propensity score
(PS) estimation approaches (StratLearn and STACCATO). For visual clarity we left out one
covariate which would appear at the coordinates (1.5,0.09).
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Table A.6: Outcome balance diagnostics via predicted labels on the original SPCC data
(Section A.2), applying STACCATO (left) and StratLearn (right). The number and proportion
of predicted SNla are presented in source and target strata 1 and 2. P-values are computed
via Fisher's exact test of independence between predicted SNla target and source proportions

within strata.

STACCATO (predicted) StratLearn (predicted)
Number Prop. p-value Number Prop. p-value
Stratum Set of SNIa of SNIa of SNIa of SNIa
1 Source 652 0.69 5.0e-21 794 0.80 0.013
Target 1290 0.51 1872 0.76
2 Source 181 0.74 6.9e-23 56 0.27 0.016
Target 1336 0.41 1132 0.35

A.3 ADDITIONAL DETAILS AND RESULTS FOR CONDITIONAL PHOTO-7
REGRESSION

In this section, we complement the results presented in Section 2.6. In sec-
tion A.3.1, we provide derivations for the generalized risk in (2.21). In Sec-

tion A.3.2, we provide additional numerical results.

A.3.1 ADDITIONAL DETAILS FOR CONDITIONAL DENSITY ESTIMATION
UNDER THE L2-L0OSS

In this section, following Izbicki et al. (2017), we provide derivations of the
generalized risk under the L?-loss given in (2.21). Following Izbicki et al.
(2017), we start with the risk based on the general L2-loss via

Rs(F) = [ (o - seoyarsod. (A1)
with f(z]x) being the full conditional density estimate of redshift z given the

covariates at point x, f(z|x) being the true conditional density of z given x,

and Pg(x) being the distribution of the source covariates. In extended form,
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(A.1) can be written as

Rs(f):ﬂf2(2|x)dPs(x)dz—2//f(z|x)f(z|x)dP5(x)dz (A.2)
+ [ Petarsis, (A3)

= constant C

which up to the constant C is equal to

Rs(f) = // f2(zlx)dPs(x)dz - 2 // F(zlx)dPs(x, ). (A4)

From (A.2) to (A.4), the equality dPr(x,z) = f(z|x)dPr(x)dz (via Radon-
Nikodym derivative) is employed. Given the labelled source samples (xg, zs),

we can get an estimate of (A.4) via

Ro(f =3 [ Pabde-22 3 FePO. (a9
k=1 S =t

ng

as presented in (2.21).

A.3.2 ADDITIONAL RESULTS FOR PHOTOMETRIC REDSHIFT REGRES-
SION

In the context of the photometric redshift regression example in Section 2.6,
we present additional numerical results that demonstrate the robustness of
StratLearn to varying degrees of covariate shift. Specifically, we reproduce

the results of Section 2.6, but under two additional covariate shift scenarios.

ADDITIONAL COVARIATE SHIFT SETUPS: We use the same data setup
as in Section 2.6, but change the rejection sampling used to simulate an

unrepresentative target Dy from Dyg, to
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e Weak covariate shift:
p(s =0|x) = fpo.4) (X(r))/lfg(a)X IB9.4)(X(r)) (A.6)
e Strong covariate shift:

p(s =0|x) = fpasa) (X(r))/f)lfcl(ab)X IB(18.4)(X(r))> (A.7)

where x(,) is the r-band magnitude and fp(9.4) and fp(184) are beta densities
with parameters (9,4) and (18,4), respectively. Except for the adjusted degree
of covariate shift, simulations are performed as described in Section 2.6.
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Figure A.3: Target risk (Rz) of the four photo-z estimation models under each method
(different colors), using different sets of predictors. Bars give the mean + 2 bootstrap
standard errors (from 400 bootstrap samples). Top row: Weak covariate shift (following
(A.6)); Bottom row: Strong covariate shift (following (A.7)).

SUMMARY — CONDITIONAL DENSITY ESTIMATION: Figure A.3 compares

the resulting target risk Ry ( f ) across models and covariate sets, for the weak
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Table A.7: Composition of the five StratLearn strata for the medium covariate shift scenario
(as described in Section 2.6) on SDSS data, using estimated propensity scores with different
sets of predictors. The number of galaxies in source and target stratum, as well as the mean
outcome (redshift z) are presented.

5 covariates 15 covariates 55 covariates

Stratum ~ Set #galaxies (Mean z) Fgalaxies (Mean z) +#galaxies (Mean z)
1 Source 1631 (0.09) 1583 (0.09) 1620 (0.09)
Target 7 (0.07) 9 (0.07) 7 (0.07)

2 Source 1500 (0.13) 1515 (0.13) 1546 (0.13)
Target 112 (0.11) 113 (0.13) 98 (0.11)

3 Source 618 (0.29) 641 (0.29) 594 (0.30)
Target 1481 (0.33) 1499 (0.33) 1480 (0.33)

1 Source 116 (0.42) 114 (0.40) 108 (0.40)
Target 2196 (0.39) 2215 (0.38) 2258 (0.38)

5 Source 135 (0.48) 147 (0.46) 132 (0.47)
Target 2204 (0.48) 2164 (0.48) 2157 (0.48)

All Source 4000 (0.16) 4000 (0.16) 4000 (0.16)
Target 6000 (0.40) 6000 (0.40) 6000 (0.40)

Table A.8: Composition of the five StratLearn strata for the weak covariate shift (A.6) and
strong covariate shift (A.7) scenarios on SDSS data, using a set of five predictors for propensity
score estimation. The number of galaxies in source and target stratum, as well as the mean
outcome (redshift z) are presented.

weak covariate shift, 5 covariates strong covariate shift, 5 covariates

Stratum  Set #galaxies (Mean z) #galaxies (Mean z)
1 Source 1463 (0.09) 1603 (0.07)
Target 145 (0.09) 0 (NaN)
2 Source 1220 (0.13) 1579 (0.10)
Target 602 (0.11) 4 (0.10)
3 Source 740 (0.20) 637 (0.24)
Target 1275 (0.21) 1494 (0.28)
4 Source 301 (0.37) 73 (0.36)
Target 1958 (0.37) 2297 (0.33)
5 Source 271 (0.47) 108 (0.41)
Target 2020 (0.44) 2205 (0.37)
All Source 4000 (0.17) 4000 (0.13)
Target 6000 (0.33) 6000 (0.34)

covariate shift (top row) and the strong covariate shift scenario (bottom
row). These results, combined with those from the medium covariate shift
scenario in Figure 2.9, reinforce the advantage of using StratLearn, especially
for higher dimensional covariate sets. In Figures 2.9 and A.3, StratLearngeries

performs well in the setup with the fewest covariates (left column). In the
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weak covariate shift scenario, this leads to an additional boost in performance
of StratLearncompy (which combines StratLearnye, yy and StratLearngepies, fol-
lowing (2.20)). In the setups with higher dimensional covariates, the Series
methods (using either StratLearn or the weighting methods) exhibit relatively
poor performance overall. In these cases, the StratLearnc,mp predictions rely
solely on StratLearnie,.nn, which again demonstrates the successful empir-
ical risk minimization of (2.17), inasmuch as StratLearnc,m, automatically
selects the better target model (i.e., StratLearnge,.ny) in each stratum, based
on the respective empirical source risk estimates in each stratum. Overall,
IPS and NN weighting are most competitive with StratLearn, in addition
to KLIEP in the low dimensional, strong covariate shift setup. Note that
the performances of IPScomnb, KLIEPcomp and uLSIFcomp, are degraded in
some cases (e.g., Figure A.3, upper left panel) with inclusion of the poorly
performing Series predictions, illustrating that the weighted empirical source
risk minimization ((2.19), as a form of (2.1)) does not lead to target risk min-
imization in these situations. With increasing number of covariates, none of

the weighted models yield results that are competitive with StratLearn.

Table A.7 presents the composition of the five StratLearn strata for the
medium covariate shift scenario (described in Section 2.6) for each of the
three sets of covariates. Each source stratum contains a sufficient sample
size to fit the conditional density estimators for prediction on the respective
target stratum. The overall redshift averages in the source (0.11) and target
data (0.28) are very unequal, a consequence of the covariate shift. Within
strata, the redshift averages are well aligned between source and target, indi-
cating improved balance after stratification. Notably, the composition of the
strata in the high-dimensional covariate setup is similar to the that of the
lower-dimensional setups, with well-balanced strata. This is an indication of
the robustness of StratLearn with respect to high dimensional (noisy) sets
of covariates. Table A.8 compares the five StratLearn strata for the weak
and strong covariate shift scenarios, again with well-aligned average redshift
within each stratum. Note that for the strong covariate shift scenario there
are almost no galaxies in the first two target strata. Thus, effectively only

data in source stratum 3 to 5 are used for target prediction in the respective
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strata. These examples illustrate the advantage of using only a small subset
of the source data when formulating predictions for individuals in the target,
where the subset is chosen for its similarity to the target data in question.
This is a markedly different strategy to the widespread practice of including

all possible available data when fitting machine learning models.
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ADDITIONAL RESULTS FOR
CHAPTER 3

B.1 ADDITIONAL DETAILS FOR StratLearn-BAYES MODEL

This section provides the theoretical justification of the posterior derivations
in Section 3.3.3.

Deriving (3.18) from (3.17) is obtained by integrating over the product of
normal densities in (3.17), which can analytically be done via completing the

squares. Precisely, we want to show that

/ N(zil&i, #HN (zilu, 0%)dzi = N(&Gilu, 77 + 07?), (B.1)
R

175



by completing the squares we obtain,

/ Nl 22N (il ) dzy (B.2)
R

A 2
L e e e
R [y 2\ % o2 2\ o '

1
2
nT;

1 / o’ + f'l? 9 43,0'2 + ,tﬁl.2 /12?'1.2 + §Ai20_2 J
= — exp|— GHl— |z | ———| |9z
ontior Jo 0|\ 22202 | T T 2202 27702 ’
——
a b c
1 2
= ——exp(—c) [ exp(—az; + bz;)dz;
2nT;0 R
2
1 (=¢) (bQ)(n)/ 1 1 Zi‘% d
=——exp(-c)exp|—| (= exp|—= Zi
2ntio da)\al Jp \/E 2\V1/2a l
=1
_ 1 exp —uPtl = o (ot 4 ptd)?
(02 + 2) 27202 2t202(02 + 12)
2
__ exp 1 L
[ 2 4 22 2 2 4 2
2n(0 +77) 0% +7;
= N(&ilu, 77 + o), (B.3)

which concludes (B.1). Alternatively, as a simpler argument, flipping the z;
and £; in (3.17) constitutes the standard normal-normal hierarchical model
with Gaussian measurement errors on latent z; with Gaussian population.
The analytical derivation of this model is a standard result in Bayesian statis-
tics (e.g., Gelman et al. 1995, page 116), demonstrating that

/R NGz 2N (il 02)dzi = N(Elps 22 + o). (BA)

Mathematically, the densities N (f,-lz,-,f'l?) and N (zilfi,f’?) are identical, due
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to the symmetry of the normal distribution. It thus directly follows that
/R N (zilgi TN (zilp, o) dzi = N(&lu, 37 + 02), (B.5)

which also concludes (3.18) from (3.17).

With a uniform conditional prior density p(up|op), the Gaussian conditional
posterior of up, given o, Xp in (3.19) then follows directly as another standard
result (e.g., Gelman et al. 1995, page 117). More precisely, (3.18) is a product
of Gaussian densities, which yields a Gaussian density (the log-posterior is
quadratic in up). The parameters of the Gaussian conditional posterior in
(3.19) are obtained by considering the £ as independent estimates of u;, with
variances (’IA'I.Q + 0'5) (Gelman et al., 1995, page 117).

POSTERIOR DISTRIBUTION OF o: In our hierarchical Bayesian model, the
marginal posterior distribution of the population variance o can be obtained

via

J P )2
_ (& — ap)
p(aply) & p(op)Vy'? Q(T]?ﬂLO';?) 2 exp (—m) (B.6)

with i, and V), as defined in (3.20). Choosing a uniform prior on oy,
p(op) o« 1, makes (B.6) a proper marginal posterior density (see, e.g., Gelman
et al. 1995, page 117).

B.2 ADDITIONAL SIMULATION STUDY DETAILS
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B.3 ADDITIONAL SIMULATION RESULTS
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Figure B.4: Propensity score distributions of source and target data in

Section 3.5, illustrated for one random LoS, and based on one random

batch of 60,000 target samples, and the entire source sample.
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Figure B.5: Histograms of optimized hyperparameters for the conditional density estimators.
The histograms illustrate the optimized hyperparameters found for each of the 100 LoS (in
each stratum separately).
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ADDITIONAL RESULTS FOR
CHAPTER 4

C.1 TRANSFORMATION OF VARIABLES

Here we review the transformation of random variables, a basic statistical
concept with useful applications in construction of MCMC samplers (Gelman
et al., 1995). Let u be a random variable/vector with u € S € R" and let f
be the density function of u. Further, let y be a random variable (vector)

with v € T € R" and density function g, with transformation
v=r(u), r:S-T, (C.1)
and r being an injective, differentiable function. It then holds that,
du
det | —
“[)

The scale factor det (%) is also called the Jacobian adjustment.

gv) = f(u) : (C.2)
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Table C.1: Prior distributions, and prior distribution parameters chosen for the various model
runs, i.e., the double Pareto model on simulated data (Section 4.6.2), and the double-Pareto
model on the CDFS data (Section 4.7.4). For the single Pareto model on the CDFS (Sec-

tion 4.7.3), the same prior parameters are used as for the double Pareto model (without 6

and 13).

Simulation study CDFS data analysis

Prior Prior params. Prior. params
W ~ Gamma(ay, by) ay =5,by =0.005 ay =12,b, =0.0003

01 ~ Gammal(ay, b1) a1 =2,h1 =1 a1=2,h1 =1

0y ~ Gammal(as, bo) ar=2,by=1 ar=2,by=1
71 ~ Gamma(ar, br) ar =1.05,b; = 5eb ar =1.05,b; = 5eb

9|71 ~ trunc-Norm(y,, 072, pr = max(A3tart), e = ]mnax(/ift“m)7
ag =11, by = ) o = (max () — min(51)) /2 o = (max(A£™) — min(A544Y)) /2

¢ ~ Gamma(ag, by) ag=11,by =1e3 ag =1.05,bg = 4e5
¢ ~ Gammal(ag, be) ag = 1.75,bs = 3ed ag =1.02,bs = 2e6

In the univariate case, (C.2) can be written as

g0 = |5, (C3)

with u = r~1(v) being the inverse function of r.

Log-transformation: Particularly for positive and skewed parameters, per-
forming a parameter transformation via the logarithm is often useful. More
precisely, we define v = log(u), then following (C.3), we obtain g(v) = f(u)u.

C.2 ADDITIONAL RESULTS FOR THE SIMULATION STUDY AND CDFS
DATA ANALYSIS
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Figure C.2: Traceplots of Msp = 10 chains of our Metropolis-within-Gibbs type sampler
applied to the CDFS data in Section 4.7.3, under the single Pareto model. All chains seem

converged to the stationary distribution, and no convergence issues are visually detected.
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Figure C.3: Traceplots of Mpp = 10 chains of our Metropolis-within-Gibbs type sampler
applied to the CDFS data in Section 4.7.4, under the double Pareto model. All chains seem
converged to the stationary distribution, and no convergence issues are visually detected.
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via the double Pareto model (Section 4.7.4), illustrated in log,,-scale.
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