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Abstract

Three-dimensional neural organoids have emerged as powerful in vitro models for study-
ing human brain development, disease and drug response. Yet their analysis remains
constrained by standard imaging and characterisation techniques, which are invasive, re-
quire exogenous labelling and offer limited multiplexing. There is a pressing need for
advanced analytical and imaging approaches that can interrogate spatial organisation
and dynamics in intact organoid systems under physiologically relevant settings, without
prior knowledge of specific molecular targets or the use of external labels.

To address this challenge, this thesis develops computational methods for non-invasive,
label-free biochemical analysis using Raman spectroscopy (RS). First, it introduces Ra-
manSPy – an open-source Python package for RS data analysis designed to improve
standardisation, reproducibility, accessibility and interoperability. RamanSPy provides a
comprehensive library of tools for spectroscopic analysis that supports day-to-day tasks,
integrative analyses, method and protocol development, and the integration of advanced
data analytics. Next, hyperspectral unmixing algorithms for RS based on autoencoder
neural networks are developed and systematically validated using synthetic and exper-
imental benchmark datasets. Unmixing autoencoders consistently outperform standard
methods, achieving more accurate qualitative and quantitative analysis and enabling en-
hanced volumetric Raman imaging of a monocytic cell.

Building on these tools, a Raman imaging platform for unsupervised, spatially resolved
biochemical analysis in neural organoids is established. This approach enables non-
invasive, label-free mapping of cellular and subcellular structures in both cryosectioned
and intact organoids. Using this platform, volumetric imaging of a neural rosette within
a neural organoid is demonstrated. Furthermore, changes in biochemical composition
during early developmental stages in intact neural organoids are interrogated, revealing
spatiotemporal variations in lipids, proteins and nucleic acids.

Overall, this work expands the methodological and computational toolkit for RS chemo-
metrics and establishes a versatile framework for high-content, label-free (bio)chemical
phenotyping with broad applications in organoid research, cell biology, disease modelling
and drug discovery.
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Chapter 1

Introduction
The ability to probe and visualise the inner workings of cells and tissues has shaped
modern biology, driving some of the most transformative advances across the biological
and medical sciences. Imaging and characterisation technologies have been instrumental
in revealing how cells divide, differentiate and assemble into complex tissues, how these
processes are disrupted in disease, and how therapies may one day repair what nature
has broken. To this end, a broad array of techniques, ranging from histological stain-
ing and immunofluorescence to omics-based profiling, has been developed, each offering
distinct insights across spatial and molecular scales1–6. Nonetheless, a fundamental
challenge persists: most available methods are inherently invasive and/or re-
quire molecular labelling.

These constraints become particularly limiting as scientific research shifts toward com-
plex, three-dimensional (3D) living tissue models, such as organoids. Over the past
decade, neural organoids derived from pluripotent stem cells have emerged as powerful
biological models of the developing human brain, recapitulating key features of early tis-
sue development and organisation7–10. Compared to two-dimensional (2D) neural cell
culture models, neural organoids exhibit enhanced complexity and three-dimensional
structure, providing a more advanced representation of tissue architecture7,10, cellular
diversity11,12 and functional network formation13. Consequently, neural organoids have
spurred new opportunities for studying human brain development, disease and drug re-
sponse in vitro 14–17. Yet, despite growing interest, organoid research remains constrained
by the limitations of conventional methods for tissue imaging and characterisation.

There is a pressing need for techniques that can interrogate spatial organisation and
dynamics in intact organoid systems under physiologically relevant settings, without
prior knowledge of specific molecular targets or the use of exogenous labels.
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Raman spectroscopy (RS), a technique within the field of vibrational spectroscopy, offers
a promising alternative for biochemical analysis. Unlike fluorescence-based imaging, RS
provides molecular contrast through the analysis of the intrinsic inelastic light scatter-
ing of molecules, thereby enabling non-invasive, label-free chemical characterisation with
minimal sample preparation18–20. Consequently, RS has become a ubiquitous analyti-
cal technique across the life and physical sciences21–31, with increasing use in analysing
biological specimens such as cells and tissues32–37.

Nonetheless, the application of RS to complex biological systems such as organoids re-
mains challenging due to significant practical, methodological and analytical issues. At
the core of these is the analysis of RS data itself38,39. Measurements from heterogeneous
biological samples yield noisy, highly convoluted spectra that are difficult to interpret for
qualitative and quantitative analysis40–42. Conventional chemometric approaches often
lack the sensitivity and fidelity needed to extract biologically meaningful chemical infor-
mation in such settings. While machine learning (ML) has emerged as a powerful tool for
chemometric analysis in RS, current methods are largely limited to constrained, super-
vised tasks and are therefore not well-suited to biological contexts where ground truth
is rarely available43. Moreover, their integration into RS workflows remains technically
challenging as the field continues to face broader challenges in accessibility, reproducibility
and interoperability, stemming from the lack of robust software infrastructure, analysis
frameworks and data standardisation44. Addressing these limitations is essential for real-
ising the potential of RS for organoid characterisation and supporting its adoption across
biomedical research more broadly.

1.1 Thesis aim and objectives

Thesis aim: The aim of this thesis is to advance the methodological and computa-
tional toolkit of Raman spectroscopy and enable non-invasive, label-free biochemical
imaging in intact neural organoids to investigate early human brain development.

In particular, the thesis sets out to achieve the following objectives:

• Improve standardisation, reproducibility and interoperability in RS data analysis.

• Streamline the interface between RS data and machine learning frameworks.

• Develop methods for more accurate RS-based chemical imaging and analysis.

• Achieve subcellular-resolution, label-free imaging in intact neural organoids using
non-invasive RS.
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• Investigate neuroarchitecture and spatiotemporal variations in biomolecular com-
position during early neurodevelopment in neural organoids.

1.2 Thesis outline
The remainder of this thesis is structured as follows:

Chapter 2 provides essential background on Raman spectroscopy and organoid models.
It reviews current methodologies and limitations in RS analysis and existing approaches
for imaging and characterising organoids. In particular, it highlights the key challenges
addressed in subsequent chapters.

Chapter 3 introduces RamanSPy, an open-source Python package for integrative RS data
analysis. It outlines the design, architecture and core functionalities of RamanSPy, and
demonstrates its utility through real-world applications in cell biology and microbiology.

Chapter 4 presents a framework for RS chemometric analysis based on hyperspectral un-
mixing autoencoders. Multiple AE models for unmixing are developed and benchmarked
against standard methods on synthetic and experimental datasets.

Chapter 5 establishes an integrated imaging platform for non-invasive, label-free organoid
analysis, combining Raman microspectroscopy with deep learning-based unmixing. The
chapter describes the development and validation of the pipeline and investigates RS-
based biochemical imaging and timepoint analysis in neural organoids.

Chapter 6 summarises the key contributions of the thesis and reflects on their implications
for RS analysis, organoid imaging and computational spectroscopy. It also outlines future
directions for extending the tools and frameworks developed.

1.3 Publications
This thesis is based on the following three manuscripts – two published and one submitted
for publication – listed in the order in which they are featured:

1) RamanSPy: An open-source Python package for integrative Raman
spectroscopy data analysis.

Dimitar Georgiev, Simon Vilms Pedersen, Ruoxiao Xie, Àlvaro Fernàndez-Galiana,
Molly M. Stevens, Mauricio Barahona.
Analytical Chemistry 2024, 96(21), 8492–8500.
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This work has also been presented at the following conferences (in reverse chrono-
logical order):

– BioMedEng24 Conference, poster presentation, London, UK, 2024
– AI for Science Workshop at International Conference on Machine Learning

(ICML), poster presentation, Vienna, Austria, 2024
– Machine Learning for Life and Material Science Workshop at International

Conference on Machine Learning (ICML), poster presentation, Vienna, Aus-
tria, 2024
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Chapter 2

Background
To situate the contributions of this thesis within the broader scientific landscape, relevant
background and existing literature are first reviewed. In particular, the principles of
Raman spectroscopy and its application in chemical analysis are discussed in Section 2.1,
followed by an overview of neural organoids as models of early human neurodevelopment
in Section 2.2. Throughout, key challenges and open questions that motivate the research
presented in this thesis are highlighted.

2.1 Chemical analysis with Raman spectroscopy
Raman spectroscopy is introduced in this section, beginning with the fundamentals of
light–matter interactions and Raman scattering (Section 2.1.1). This is followed by an
overview of instrumentation and Raman modalities (Section 2.1.2), key application areas
of RS (Section 2.1.3), the Raman data analysis pipeline (Section 2.1.4), and chemometric
strategies for chemical analysis using RS (Section 2.1.5).

2.1.1 Light-matter interactions and the Raman effect
The interaction between light and matter has long been a central topic of human inquiry
– from early philosophical debates about the nature of light, to the development of geo-
metric optics in the 17th century, classical electromagnetism in the 19th, and quantum
mechanics in the 20th. Throughout this progression, the study of light-matter interac-
tions has remained fundamental to our understanding of the physical world, offering deep
insight into the structure and dynamics of matter at atomic and molecular scales, and
underpinning much of modern physics, chemistry and materials science.

Beyond advancing theory, the study of light-matter interactions has also led to important
experimental breakthroughs. Since these interactions depend on the internal energy states

21



and structural features of materials, they can be exploited to extract detailed physical and
chemical information. This principle underlies a wide range of spectroscopic techniques
and imaging modalities that use light to probe the structural, electronic and vibrational
properties of atoms and molecules.

Overview of light-matter interactions

Light can interact with matter in several distinct ways, each governed by different physical
mechanisms and yielding distinct experimental observables45,46. These interactions are
commonly grouped into the following categories:

• Reflection. Light is redirected at the boundary of a material due to differences
in refractive index between media. Reflection is governed by macroscopic surface
and dielectric properties, and underlies optical systems such as mirrors, reflective
coatings and interferometers.

• Transmission. Light passes through a material, possibly changing direction (re-
fraction) due to differences in refractive index between media. Transmission is
characteristic of optically transparent or semi-transparent materials and is funda-
mental to techniques such as brightfield microscopy and ultraviolet-visible (UV-Vis)
transmission spectroscopy.

• Absorption. Light transfers energy to a material, exciting electrons or vibrational
modes to higher energy states. Absorption reflects the material’s energy structure
and forms the basis of methods such as UV-Vis, near-infrared (NIR) and infrared
(IR) spectroscopy.

• Emission. Excited systems release energy by emitting photons as they return to
lower energy states. Emission processes include fluorescence, phosphorescence and
spontaneous or stimulated emission, and underpin techniques such as luminescence
spectroscopy and fluorescence microscopy.

• Scattering. Light is deflected due to interactions with the material. Scattering
can be:

– Elastic scattering – the energy (frequency) of the scattered photon remains
the same. Key examples include Rayleigh scattering (from particles much
smaller than the wavelength) and Mie scattering (from particles comparable
in size to the wavelength).

– Inelastic scattering – the photon exchanges energy with internal excitations
of the material, resulting in a frequency shift. Key examples include Raman
scattering (interactions with vibrational modes, basis of Raman spectroscopy)
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and Brillouin scattering (interactions with acoustic phonons, used in elasticity
and viscoelastic imaging).

This thesis focuses on Raman spectroscopy as an analytical technique for chemical
analysis based on inelastic Raman scattering.

The discovery of the Raman effect

The inelastic scattering of light by molecules was first predicted in 1923 by Austrian physi-
cist Adolf Smekal, who suggested that scattered light could exhibit frequency shifts due to
interactions with molecular vibrations47. The phenomenon was experimentally observed
in 1928 by Indian physicists Sir Chandrasekhara Venkata Raman and his collaborator
Sir Kariamanikkam Srinivasa Krishnan. By illuminating various liquids with sunlight
and analysing the scattered light, they identified faint spectral lines at shifted frequen-
cies – clear evidence of inelastic scattering48. Almost simultaneously, the phenomenon
was independently observed by Soviet physicists Grigory Landsberg and Leonid Man-
delstam, who reported similar frequency-shifted scattering in crystals49. Although their
publication appeared slightly later than Raman and Krishnan’s, their work is generally
recognised as an independent discovery.

These parallel findings marked the discovery of what later became known as Raman
scattering (or the Raman effect), and laid the foundation for Raman spectroscopy as an
analytical technique that exploits inelastic light scattering to probe molecular vibrations
and structure. In recognition of this discovery, Sir Raman was awarded the Nobel Prize
in Physics in 1930.

Stokes and anti-Stokes Raman scattering

As previously noted, inelastic Raman scattering arises from the energy exchange between
incident photons and vibrational modes of irradiated molecules. Through these interac-
tions, photons may lose or gain energy, resulting in a shift in their frequency (since energy
is proportional to frequency and inversely proportional to wavelength). Depending on the
direction of energy transfer, two types of inelastic Raman scattering can occur – Stokes
Raman scattering (photon loses energy → longer wavelength) and anti-Stokes Ra-
man scattering (photon gains energy → shorter wavelength) (Figure 2.1A).

This process can be described in two complementary ways: classically, as the modulation
of the induced dipole by vibrational motion of molecules (Appendix A); and quantum
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Figure 2.1: Molecular fingerprinting via Raman scattering – schematic overview. A, Illus-
tration of light scattering from molecules, including elastic scattering (Rayleigh) and inelastic Raman
scattering (Stokes and anti-Stokes). B, Energy level diagram depicting the ground state, virtual states
and vibrational states involved in Raman scattering. C, Raman scattering is typically recorded as a
one-dimensional spectrum showing the number of scattered photons as a function of Raman shift, repre-
senting a superposition of the vibrational modes of the sampled molecule(s). D, Raman spectra reveal
the characteristic vibrational signatures of molecules, serving as molecular fingerprints. Displayed vibra-
tional modes and Raman spectra are for illustrative purposes only. Created in BioRender.com.

mechanically, as a second-order light-matter interaction in which a photon briefly excites
a system to a short-lived virtual state before relaxation to a vibrational level different
from the initial one. In the discussion below, the quantum-mechanical description, which
provides a more intuitive and illustrative framework, is adopted.

At thermal equilibrium, most molecules occupy their vibrational ground state, as de-
scribed by the Boltzmann distribution18. Upon irradiation with incident light, such
molecules can interact with photons and get promoted to an excited virtual state (Fig-
ure 2.1B). Because this state is unstable, the system rapidly relaxes to a more stable
configuration. In most cases, molecules return to their original ground state without
energy transfer, resulting in scattering of a photon with the same energy (same wave-
length) as the incident light. This process is known as elastic scattering and is by far
the dominant type of light scattering. In a much smaller fraction of interactions – only
about one in 106–108 incident photons50 – the molecule relaxes to an intermediate excited
vibrational state rather than the ground state. This results in the emission of a photon
with slightly less energy (longer wavelength) than the incident photon. This represents
Stokes Raman scattering, a process orders of magnitude weaker than Rayleigh scattering.

Conversely, anti-Stokes Raman scattering occurs when a molecule, which is already in
an excited vibrational state (e.g. due to thermal population), is further excited to a
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higher-energy virtual state upon irradiation with incident light. Again, because this
state is unstable, the molecule rapidly relaxes to a lower, more stable vibrational state.
Typically, this is the vibrational ground state, and a photon with higher energy (shorter
wavelength) than the incident light is emitted.

At room temperature, most molecules are at thermal equilibrium and occupy their vi-
brational ground state. Thus, Stokes scattering is far more probable, and therefore more
intense, than anti-Stokes scattering under typical biological or ambient conditions. For
this reason, spontaneous Raman spectroscopy typically relies on the detection of Stokes-
shifted photons, offering a higher signal-to-noise ratio (SNR). Raman spectroscopy modal-
ities are discussed in more detail in Section 2.1.2.

Molecular fingerprinting with Raman spectroscopy

The frequency shift of Raman-scattered photons provides a direct measure of the charac-
teristic vibrational modes of molecules, encoding valuable information about their struc-
ture and bonding. As such, Raman scattering can be exploited as a tool to probe and
characterise chemical composition. This, in essence, is the core idea of Raman spec-
troscopy.

In RS, samples are illuminated with monochromatic light – typically from a laser – and
the scattered light is collected over time. While most scattered photons are elastically
scattered, a small fraction emerge at slightly different energies due to Raman scattering.
These scattered photons are analysed to determine their frequency shift relative to the
laser source ∆ν̃, defined as

∆ν̃ = ν̃exc − ν̃scat = 1
λexc

− 1
λscat

. (2.1)

This shift is commonly referred to as the Raman shift and is conventionally reported
in wavenumbers (cm−1). While the absolute wavelength of the scattered light depends
on the excitation source, the Raman shift itself is independent of it. This makes Raman
spectra directly comparable across different instruments and excitation wavelengths.

Raman scattering events are recorded as a one-dimensional spectrum of photon counts
(proportional to intensity) versus their Raman shift (Figure 2.1C). By collecting Raman-
scattered photons over an extended integration time, peaks corresponding to specific
Raman-active vibrational modes gradually build up in the spectrum. More dominant
vibrational modes produce stronger signals, while weaker modes appear as less intense
peaks. A vibrational mode is Raman-active if it induces a change in the molecular
polarisability, i.e. if the derivative of the polarisability α with respect to the vibrational
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coordinate Q is non-zero (∂α/∂Q ̸= 0; see Appendix A). Physically, this means that
vibration distorts the molecular electron cloud and alters the induced dipole moment.
The combination of peak positions and intensities forms a spectral fingerprint of the
sample, which can be interpreted to infer and characterise its molecular composition.

Advantages of Raman spectroscopy

As an analytical technique, Raman spectroscopy offers several key advantages. These are
summarised below, with a focus on biological applications.

• High chemical specificity. Vibrational modes are highly specific to the chemical
structure of molecules, enabling molecular fingerprinting and qualitative analysis
with high specificity (Figure 2.1D).

• Non-destructive and non-invasive. RS typically uses low-power laser excitation
and non-resonant interactions, making it inherently non-destructive. This is par-
ticularly beneficial for sensitive samples such as cells and tissues, where RS enables
chemical analysis without compromising structural or functional integrity. This
also facilitates in situ and real-time capability.

• Label-free with minimal sample preparation. Unlike techniques such as im-
munofluorescence microscopy, RS is inherently label-free, requiring no dyes, stains
or external markers to detect molecular signatures. Furthermore, unlike meth-
ods such as IR spectroscopy, mass spectrometry, X-ray diffraction or electron mi-
croscopy, RS generally requires little to no sample preparation, enabling direct
analysis of solids, liquids, and gases without extensive processing.

• (Semi-)quantitative. Under non-resonant, far-from-absorption conditions, the
intensity of spontaneous Stokes Raman scattering scales with the relative concen-
tration of analytes, allowing (semi-)quantitative chemical analysis. Nevertheless,
intensity also depends on a number of experimental factors, including excitation
wavelength, optical geometry, collection efficiency, orientation/polarisation effects
and matrix/environmental influences. This is why careful calibration, preprocessing
and multivariate analysis for reliable quantitative comparisons (see Section 2.1.4).

• Minimal interference from water. RS is largely unaffected by water, making it
highly suitable for aqueous solutions and biological samples with high water content.
In contrast, techniques like infrared spectroscopy are often hindered by strong water
absorption.

• Microscale spatial resolution and depth profiling. Coupled with confocal
microscopy, RS provides submicron spatial resolution and enables depth profiling,
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allowing 2D and 3D chemical imaging in complex (biological) specimens. This is
discussed in more detail in the next section.

Together, these features establish RS as a powerful analytical tool for non-destructive,
label-free chemical analysis of molecular compounds, biological specimens and materials,
providing in-depth insight into their structure and function18–21,23,32,33,42,51–53.

2.1.2 Raman spectroscopy techniques
Although RS is conceptually simple, its practical implementation presents significant
technical challenges. As discussed earlier, Raman scattering is an intrinsically weak
process, with only a tiny fraction of incident photons undergoing inelastic scattering. De-
tecting these rare events requires highly sensitive instrumentation and carefully optimised
optical systems. As a result, it took decades of technological progress in laser sources,
optics, detectors and data processing before RS became a practical tool for chemical anal-
ysis. In particular, nearly 50 years passed before the technique could be reliably applied
to complex biological samples such as cells and tissues42.

Today, modern RS systems integrate a range of advanced optical and electronic compo-
nents to enable precise measurement of Raman signals. Depending on the application,
these systems can be configured in various forms, from compact benchtop spectrometers
to automated Raman microscopes capable of spatially resolved chemical imaging. In ad-
dition to standard spontaneous RS, several specialised techniques have also emerged to
enhance sensitivity, selectivity or acquisition speed. These include resonance Raman spec-
troscopy (RRS), coherent anti-Stokes Raman scattering (CARS) and surface-enhanced
Raman scattering (SERS), among others. A brief overview of these RS techniques is
provided in the following sections.

Spontaneous Raman spectroscopy

Spontaneous Raman spectroscopy is the most common and widely used implementa-
tion of RS. It refers to the standard approach where inelastic scattering occurs naturally,
without any external amplification or nonlinear optical effects. A typical spontaneous RS
system consists of several core components that work together to excite the sample and
detect the weak Raman signal. This includes:

• Laser source. A stable, monochromatic light source, usually a diode or solid-state
laser, excites the sample. The excitation wavelength is carefully chosen to maximise
Raman scattering efficiency while minimising sample fluorescence.
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Figure 2.2: Schematic of a spontaneous Raman spectroscopy system. The diagram illustrates
the primary hardware components involved in a spontaneous RS system, including the laser source,
optical elements, objective and spectrometer. Arrows indicate the path of excitation light and the
collection of inelastically scattered Raman photons from the sample. Created in BioRender.com.

• Optical components. Lenses, mirrors and beam splitters direct and focus the
laser onto the sample with high spatial precision. High numerical aperture objec-
tives are often used to achieve strong focusing and efficient signal collection.

• Sample stage. The sample is positioned on a stage, typically under a microscope,
for point measurements or scanning. Motorised, computer-controlled stages enable
automated Raman mapping and 2D and 3D imaging.

• Edge or notch filters. These filters reject the intense elastically scattered light
while transmitting the weaker Raman-shifted light.

• Spectrometer. The filtered Raman signal is dispersed by a diffraction grating
within the spectrometer, separating the scattered light by wavelength. The spec-
tral resolution of the grating determines the ability to distinguish closely spaced
vibrational modes.

• Detector. Sensitive detectors, such as charge-coupled devices (CCDs), record
the dispersed signal to produce the Raman spectrum. Deep-cooled detectors are
typically used to minimise noise and allow detection of extremely weak Raman
signals.

Figure 2.2 provides a graphical representation of a typical spontaneous RS system, high-
lighting the key hardware components discussed above. The modular architecture of RS
systems allows for flexible configurations that can be customised to accommodate specific
sample types and experimental requirements.
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In addition to the hardware components, RS systems often include dedicated control
software that ensures system integration and manages key settings such as laser power,
acquisition parameters and stage movement (e.g. for Raman imaging; see next section).

Raman imaging

Beyond single-point measurements, Raman spectroscopy can also be extended to capture
spatially resolved chemical information in the form of hyperspectral images – a modality
known as Raman imaging (or Raman mapping). In this approach, Raman signals are
acquired at multiple locations across a sample, generating a hyperspectral data cube in
which each pixel represents the measured Raman response at the corresponding spatial
position. The result is a chemical map that encodes the spatial distribution of different
molecular species present in the sample. This is particularly valuable in biological and
materials science applications, where spatial heterogeneity is often critical to understand-
ing structure-function relationships.

Raman imaging can be performed in several different ways, including:

• Point-scanning. A tightly focused laser is used to scan the sample point by
point, acquiring a full Raman spectrum at each location. This is the most common
acquisition method and offers high spectral and spatial resolution, albeit at the cost
of longer acquisition times.

• Line-scanning. A line-shaped laser beam is used to illuminate a strip of the sample
at a time, simultaneously collecting spectra along the whole line. The sample is
then scanned perpendicularly to build a two-dimensional image, offering a good
balance between speed and resolution.

• Wide-field imaging. The entire sample area is illuminated at once, and Raman
signals are collected in parallel using spectrally selective detection methods such
as tunable filters. Although less common in spontaneous RS due to low signal
strength, this approach can be effective in more advanced Raman modalities.

For more information about these three imaging techniques, the reader is referred to the
review by Schlücker et al. 54 .

Raman imaging can also be extended into three dimensions to generate volumetric Raman
images – a technique known as volumetric Raman imaging. This is typically accomplished
by acquiring a series of 2D Raman images at different focal planes along the depth (z-
axis) of a sample. Individual imaging slices are then combined to construct a 3D chemical
map of the scanned area.
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To achieve depth resolution, a confocal Raman system is often required. In confocal
Raman microscopy, a pinhole is integrated to block out-of-focus light and enhance axial
resolution and enable optical sectioning. Confocal pinholes are most commonly used in
point-scanning systems for high-resolution or volumetric imaging of complex, heteroge-
neous samples.

Advanced Raman modalities

Spontaneous RS provides a powerful and versatile analytical platform for chemical anal-
ysis with high molecular specificity. However, it has multiple practical limitations. These
include its intrinsically weak signal intensity, slow acquisition speeds and potential inter-
ference from background fluorescence.

To overcome these issues and improve the performance of RS, a range of advanced RS
techniques has been developed, including:

• Resonance Raman Spectroscopy (RRS). In RRS, the excitation wavelength
is tuned to match an electronic absorption band of the molecule of interest55–57.
This resonance condition selectively enhances specific vibrational modes, resulting
in signal amplification of up to 103–106 times compared to spontaneous Raman
scattering. RRS is particularly useful for targeting specific chromophores, pigments
and biomolecules with strong electronic transitions.

• Surface-Enhanced Raman Scattering (SERS). SERS techniques exploit the
plasmonic properties of nanostructured metallic surfaces (e.g. silver or gold), which
can amplify the electromagnetic field near the surface through localised surface
plasmon resonances, and thus enhance the Raman signal by several orders of mag-
nitude58,59. As a result, SERS enables highly sensitive detection and is widely used
in trace analysis and biosensing applications60–63.

• Coherent Raman Scattering (CRS). CRS methods use multiple pulsed laser
beams to generate a coherent Raman signal that is several orders of magnitude
stronger than spontaneous Raman scattering64–67. This results in significantly faster
acquisition times, enabling video-rate imaging68. Common CRS methods include
Coherent Anti-Stokes Raman Scattering (CARS) and Stimulated Raman Scatter-
ing (SRS).

While advanced techniques can offer significant improvements in sensitivity, specificity
and acquisition speed, these methods also come with limitations. This includes increased
technical complexity, higher costs and more limited accessibility. As a result, despite
substantial progress, many of these techniques are still not widely available in routine
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laboratory settings. Indeed, spontaneous RS remains the most widely used and accessible
modality, especially for general-purpose chemical and biological analysis. For a more
detailed discussion of advanced modalities and their use in biological research, including
other variants such as tip-enhanced Raman (TERS), spatially offset Raman spectroscopy
(SORS) and transmission Raman spectroscopy (TRS), the reader is referred to the works
by Butler et al. 21 , Cialla-May et al. 69 , Auner et al. 70 .

In this work, spontaneous Raman spectroscopy was used throughout. Thus, unless
otherwise specified, the term “Raman spectroscopy” refers to spontaneous Raman
spectroscopy.

2.1.3 Applications of Raman spectroscopy
The versatility of RS, along with its non-destructive and label-free nature, has positioned
it as an important analytical technique across a wide range of applications in both re-
search and industry. While the primary focus of this thesis is on cell biology, many of
the analytical tools and approaches presented here can be readily applied across other
disciplines as well. For this reason, an extended overview of key application domains is
provided below.

Cell biology

A primary application of RS is in cell biology, where it provides a powerful tool for
biochemical analysis and imaging of cells and tissues36. A particular advantage of RS in
this context is its ability to investigate cellular composition, dynamics and function in
native environments, without the need for external labels or destructive preparation.

At the cellular level, Raman imaging has been employed to map the spatial distribu-
tion of key biomolecules such as nucleic acids, proteins and lipids, thereby enabling the
visualisation of major organelles and cell morphology in both fixed and live cells71–73. Vol-
umetric Raman imaging has further enabled three-dimensional reconstructions of entire
cells, facilitating both qualitative and quantitative analyses across cell types74. Further-
more, Raman imaging has been valuable for assessing cell responses to external stimuli,
including drugs75 and drug delivery vehicles76,77, toxins78 and environmental stressors79.
To improve specificity, synthetic Raman tags have been developed for chemical labelling
and multiplexed imaging of defined molecular targets, including key biomolecules, drugs
and metabolites22. In addition to imaging analyses, RS has been an effective method for
single-cell analysis, with downstream applications ranging from cell typing and pheno-
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typing to drug screening, cell cycle progression and differentiation80,81.

Beyond individual cells, RS has been extensively applied to tissue samples, providing
detailed, label-free histological and pathological analysis82. In biological research, Raman
imaging has been used to study tissue morphogenesis83, elucidate disease aetiology84,
and monitor the distribution and pharmacological response of therapeutic compounds
within tissues85,86. To enable rapid imaging across larger tissue areas, coherent Raman
techniques such as CARS and SRS have also been employed87–89.

With recent advances in stem cell biology, there is growing interest in extending Raman
imaging to three-dimensional organoid models to monitor development, biochemical or-
ganisation and drug response in physiologically relevant systems. Nonetheless, despite
some initial demonstrations90, the application and validation of Raman imaging in this
context remain in their early stages. This is discussed in more detail in Section 2.2.5.

Medicine and clinical research

RS has also attracted considerable interest in medicine and clinical research.

A main application area of RS in this domain has been diagnostics, with the promise of
enabling minimally invasive testing, rapid and portable readouts, and more sensitive early
detection25. In particular, RS has been explored for the detection of biomarkers across
a range of diseases, including cancer91,92, metabolic disorders93 and infectious diseases94.
To this end, RS has been applied directly to liquid biopsies and body fluids95,96, as well
as integrated into paper-based assays97, microfluidic chips98 and sensor platforms99. In
microbiology, RS has further emerged as a powerful tool for the rapid identification of
bacteria and other pathogens100,101.

In addition to this, RS-based techniques are increasingly explored in surgical and intraop-
erative settings27,102,103. Handheld probes, fibre-optic endoscopes and real-time Raman
imaging systems have been developed to delineate tumour margins70,104, enhance bio-
chemical contrast105 and guide resections during procedures. Moreover, Raman imaging
approaches for label-free histopathology have been developed for applications in tissue
classification, molecular subtyping and tumour analysis82,106,107.

Chemical and pharmaceutical sciences

Owing to its molecular sensitivity and specificity, RS has become a powerful tool across
the chemical and pharmaceutical sciences, with applications ranging from molecular iden-
tification to real-time process monitoring.
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In chemical research, RS is routinely used to characterise organic and inorganic com-
pounds in solid, liquid and gaseous forms. Common applications include identifying
reaction intermediates and products108, detecting impurities and adulterants109, and
analysing chemical mixtures110,111. Its non-invasive, non-contact nature makes RS par-
ticularly valuable for in situ monitoring of chemical reactions112,113, enabling kinetic and
mechanistic studies across a range of domains, including catalysis114, polymerisation115

and corrosion116. In addition, its sensitivity to functional groups, bond types and molecu-
lar symmetry has further positioned RS as an effective approach for discriminating closely
related species such as regioisomers, stereoisomers, conformers and polymorphs117–119.

These capabilities also extend to pharmaceutical sciences, where RS has been integrated
at multiple stages of the drug development pipeline29. In early phases, it has been
applied to product formulation and structural analysis120, pharmacokinetic studies of
active pharmaceutical ingredients121, degradation and stability testing122, and solid-state
screening123. RS has also been widely used as a process analytical technology during
manufacturing, facilitating monitoring and quality control124,125. More recently, Raman-
based probes have been explored in anti-counterfeiting for the authentication of medicines
and packaging126.

Materials science and engineering

RS has also established itself as a key characterisation technique in materials science
and engineering, offering insights into structural, chemical and mechanical properties of
a broad range of systems.

In crystalline solids, RS has been widely used to evaluate phase composition, crystallinity
and internal stresses, and analyse polymorphs and lattice dynamics . Furthermore, it has
been a valuable tool for assessing defects, layer thickness and doping levels in carbon-
based materials, such as graphene and carbon nanotubes127. Beyond this, RS has been
applied in the study of semiconductors , ceramics , polymers and thin films . Advanced
SERS-based techniques have further enabled ultra-sensitive characterisation of nanoscale
features, plasmonic interactions and catalytic interfaces, with applications in energy stor-
age, surface chemistry and heterogeneous catalysis62.

Beyond inorganic systems, RS is also increasingly applied to biomaterials and engineered
scaffolds to study mineralisation processes, protein-matrix interactions and synthetic-
biological interfaces, and guide the rational design of scaffolds, implants and composite
biomaterials with tailored structural and biochemical properties28.
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Environmental sciences

Furthermore, RS has become an important tool across environmental sciences. An area of
high topical interest has been the detection and assessment of pollutants in food and wa-
ter, with RS used for trace analysis, contamination screening and quality control30,128,129.
Common targets include heavy metals130, organic residues131, microplastics132, pesti-
cides133, and other harmful compounds. RS has also been applied in agriculture, from
detecting pesticides and other contaminants134,135, to assessing crop health136 and plant
stress137. Similarly, chemical analysis with RS has been extended to atmospheric research
to analyse aerosol composition, water vapour and trace gases138,139. Beyond these appli-
cations, Raman-based techniques have been used to characterise mineral phases in soils
and sediments, with applications spanning mineralogy140, pollution141, archaeology142,
and even planetary research143.

Forensics and security

Lastly, RS has found broad applications in forensics and security. Owing to its chemical
sensitivity, RS has emerged as a valuable tool for trace detection of illicit drugs, ex-
plosives and chemical warfare agents31,144. To this end, handheld Raman spectrometers
have been deployed at security checkpoints for counter-terrorism and homeland security
applications, providing rapid on-site analysis145. In forensic investigations, RS has been
used for trace analysis and source attribution of material evidence, including inks, dyes,
fibres, paints and glass fragments146.

Growing concerns around counterfeiting have also led to an increased interest in Raman-
based authentication technologies147. Recent advances include the development of anti-
counterfeiting probes based on Raman-active physical unclonable functions, in the form
of barcodes148, inks149 and nanostructured materials150,151. These approaches have been
explored for safeguarding pharmaceuticals152, banknotes153 and other high-value products
and consumer goods.

2.1.4 Data processing and interpretation in Raman spectroscopy
Raman spectroscopy generates rich, high-dimensional datasets that capture detailed
molecular information about samples. This wealth of information, however, brings its
own challenges. Extracting meaningful insights from experimental RS data often re-
quires extensive method development and optimisation across the entire data lifecycle,
from experimental design and data acquisition to spectral preprocessing and downstream
data analysis39,41,154.
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This section outlines the key stages of the RS data analysis pipeline and their significance,
particularly in the context of biological applications.

Data collection

Preparation for RS analysis begins at the point of data acquisition, well before any pre-
processing or data interpretation. A range of instrumental parameters and experimental
settings can influence the quality of the collected data and therefore warrant careful
consideration. These include excitation wavelength, laser power, integration time, and
number of accumulations, among others. Each of these factors can significantly affect
signal strength, signal-to-noise ratio, the presence of artefacts, and the overall repro-
ducibility of measurements – directly impacting subsequent preprocessing, analysis and
interpretation. As such, acquisition conditions must be carefully controlled and optimised
to minimise the effect of artefacts, noise and other sources of variability, guided by the
specific requirements of the intended application. The key acquisition parameters and
the rationale behind their selection are briefly discussed below.

Excitation wavelength. One of the first parameters to consider is the wavelength
of the excitation laser. This choice can influence a range of optical factors, including
signal strength, fluorescence background, sample penetration depth and spatial resolu-
tion. Shorter wavelengths, such as 532 nm, generally produce stronger Raman signals but
are more likely to induce unwanted fluorescence. In contrast, longer wavelengths, such
as 785 nm, tend to suppress fluorescence but typically result in weaker Raman signals.
Therefore, selecting the optimal excitation wavelength requires balancing signal intensity
against background interference, and should be informed by the specific properties of the
sample and the requirements of the application.

Laser power. Another key consideration is the laser power, which can be adjusted using
neutral density filters. Generally, increasing the laser power improves signal strength and
the signal-to-noise ratio. However, excessive power can also cause local heating and
damage the sample. This trade-off is critical when working with sensitive samples, such
as cells, tissues and other biological specimens. As a rule of thumb, laser power is typically
set as high as possible without causing any observable photodamage during acquisition.

Integration time and accumulations. Two other important and closely related pa-
rameters that directly influence data quality are the integration time and the number of
accumulations per point. Integration time determines the total photon count collected;
therefore, longer integration times inherently improve SNR. Similarly, acquiring multiple
accumulations at each point and averaging them helps reduce random noise and mitigate
artefacts. Nonetheless, increasing both integration time and the number of accumulations
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extends the overall acquisition time and can intensify photobleaching or thermal effects,
particularly during imaging or volumetric scans, which may span hours or even days (see
next paragraph). Optimal settings are typically determined empirically, balancing data
quality against practical constraints such as acquisition speed and sample stability.

Spatial resolution and sampling step size. When it comes to Raman imaging,
image quality is governed by two main factors: spatial resolution and sampling step size.
The spatial (lateral and axial) resolution is primarily determined by the optical setup,
particularly the objective lens, laser wavelength and confocal aperture settings. These
parameters define the smallest volume from which a Raman signal can be effectively
collected. In contrast, the step size refers to the distance between adjacent sampling
points (pixels) in the image and is user-defined.

As with other acquisition parameters, there is an inherent trade-off between image qual-
ity and total acquisition time. Smaller step sizes and higher resolution improve spatial
discrimination but significantly increase the number of sampling points and therefore the
overall acquisition time. For example, consider an imaging setup with two accumulations
and 1 second integration time per point – i.e. approximately 2 seconds per pixel, exclud-
ing overhead such as motor movement, autofocus routines and data processing. Under
these settings, a scan covering a 100 × 100 µm area at a 1 µm step size (10 000 pixels)
would require over 5.5 hours. Extending this to a volumetric scan with 10 z-slices at 1
µm spacing increases the total to 100 000 pixels, or more than 55 hours.

This example highlights how acquisition times in conventional spontaneous Raman spec-
troscopy, particularly for high-resolution or large-volume scans, can quickly become im-
practical and raise concerns about sample degradation. As a result, although high-
resolution imaging is almost always desirable, reduced spatial resolution and larger step
sizes are often necessary to balance detail with time and sample stability constraints.
Faster acquisition can be achieved using advanced techniques such as SRS and CARS, as
discussed in Section 2.1.2.

Sample preparation. The final aspect discussed here is sample preparation, which plays
a crucial role in ensuring reliable and reproducible measurements. Depending on the ap-
plication, several factors must be considered, including sample type, physical dimensions,
and the choice of mounting medium, among others. In Raman imaging specifically, a key
consideration is maintaining sample stability throughout potentially long acquisitions, as
any movement or degradation can introduce artefacts and reduce signal quality. This
is especially important for biological samples, which may undergo structural changes
over time due to dehydration, photodamage or environmental fluctuations. To mitigate
these effects, biological samples are typically chemically fixed before imaging to preserve
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Figure 2.3: Overview of common spectral preprocessing steps in Raman spectroscopy. The
diagram outlines a typical sequence of preprocessing procedures applied to raw Raman spectra, including
spectral cropping, cosmic spike removal, denoising, baseline correction and normalisation. These steps
enhance spectral quality and improve the reliability of downstream analysis. Created in BioRender.com.

their structure and mounted using appropriate supports such as holders, coverslips or
hydrogels. Although live-cell or tissue Raman imaging is technically feasible, it is rarely
performed routinely due to the need for precise environmental control (e.g. temperature,
CO2, humidity), as well as the requirement for specialised setups and/or advanced Raman
modalities to enable faster acquisition.

Spectral preprocessing

But even under ideal acquisition conditions, experimental RS measurements often still
contain significant artefacts and are not directly usable for downstream analysis. The high
sensitivity of RS makes it susceptible to various sources of non-specific signal and noise,
such as baseline drifts, fluorescence backgrounds, cosmic spikes, instrumental noise and
other variations155,156. These artefacts, abundant in most biological settings, can severely
obscure relevant spectral features and compromise subsequent analysis and interpretation.
Consequently, spectral preprocessing is a critical component of any RS analysis workflow,
aimed at correcting artefacts, enhancing signal quality and ensuring comparability across
samples. This typically involves a structured pipeline involving a series of preprocessing
steps applied in sequence to clean and standardise the data (see Figure 2.3).

An overview of the main preprocessing steps and methods in RS is provided below. It
is important to note that there is no universally applicable preprocessing strategy; the
optimal sequence depends on the specific application and varies considerably across the
literature. This section follows the order used in the analyses presented in this thesis,
which aligns with established best practices and published guidelines21,39,42,154,157,158.

Spectral cropping. The first step in most preprocessing pipelines is to crop the spec-
tra to exclude regions that are irrelevant for subsequent analysis. This can not only
improve the reliability of consecutive preprocessing steps, such as baseline correction,
denoising and normalisation, but also reduce dimensionality for downstream modelling.
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For instance, the region around 0 cm−1 (i.e. the Rayleigh line) and the adjacent detector-
suppressed zone are typically removed early, as they contain no useful Raman information
and can interfere with preprocessing. In many biological applications, the so-called silent
region (∼1800–2800 cm−1), which lacks significant Raman features in biological samples
and is often dominated by noise, is also excluded. Biological analyses may further be
constrained to the fingerprint region (∼600–1800 cm−1), which contains rich molecular
information. Depending on the sample type, the high-wavenumber CH/OH-stretching
region (∼2800–3300 cm−1) may also be retained.

Spectral interpolation. When spectra are collected using different spectral axes or res-
olutions, spectral interpolation may be necessary to align them onto a common wavenum-
ber axis. This step is essential for integrating data across samples or instruments, and
must be done carefully to avoid introducing artefacts, especially around sharp peaks
or in noisy regions. In practice, this is typically achieved using linear, spline or cubic
interpolation methods.

Cosmic spike removal. Another common preprocessing step in RS is the removal of
cosmic spikes caused by high-energy particles (e.g. cosmic rays) hitting the detector dur-
ing data acquisition. These artefacts appear as sharp, non-reproducible intensity spikes
that are unrelated to the underlying biochemistry and can affect both visual inspection
and model performance. The likelihood of cosmic spikes naturally increases with longer
integration times. Removing them early in the preprocessing pipeline helps prevent inter-
ference with other steps and reduces the risk of mistaking them for true spectral features
during analysis. Most despiking methods rely on the distinctive shape and intensity of
these spikes and detect them using outlier-based criteria such as z-scores159 or wavelet
transform methods160. Once identified, the affected points are typically removed and
replaced through interpolation based on nearby values.

Wavenumber calibration. Instrumental and environmental variability can compromise
the reproducibility of the wavenumber axis in recorded Raman spectra. Beyond inter-
instrument differences, factors such as instrumental drift, optical misalignment and en-
vironmental fluctuations (e.g. changes in temperature or humidity) may introduce small
but meaningful shifts. To correct for these and ensure that peak positions reflect true
chemical shifts and that spectra collected at different times or on different instruments
remain comparable, wavenumber calibration is often performed using standard reference
materials with well-known, sharp spectral features, such as silicon or polystyrene. This
can be done before data acquisition (e.g. via the instrument’s built-in control software)
or retrospectively during preprocessing.

Intensity calibration. Additionally, variations in detector sensitivity, laser power or
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wavelength-dependent instrument response can affect the relative intensity values in
recorded Raman spectra. To ensure that intensities remain comparable across measure-
ments, samples and instruments – especially in quantitative analyses – intensity calibra-
tion may be applied using a known reference material or a calibrated broadband light
source. This typically involves generating an instrument response function and adjust-
ing measured spectra accordingly. Whether full intensity calibration is required depends
on the experimental design, the characteristics of the data collected and the degree of
technical variability. In many applications, simpler normalisation approaches are used
to compensate for intensity variations due to laser power, integration time or exposure
settings.

Denoising. Another major consideration in RS is random noise. RS data can be af-
fected by various sources of noise, including electronic detector noise, photon shot noise
and environmental interference. These noise contributions can be further exacerbated
under low signal conditions – for instance, when acquisition times are short or analyte
concentrations are low. Denoising (or smoothing) is a common preprocessing step, aimed
at improving SNR and enhancing spectral quality for downstream analysis. Popular
methods include Savitzky-Golay filtering161, least-squares-based smoothing162, Gaussian
kernel smoothing and wavelet-based denoising. Note that denoising must be carefully
optimised to avoid distorting or removing altogether true spectral features.

Baseline correction. In addition to random noise, RS spectra can also contain broad
baseline distortions, most commonly from background signals such as fluorescence or
stray light. These signals are generally unrelated to the Raman-active vibrational modes
of interest but can obscure true peaks and complicate downstream analysis, particularly
in quantitative or comparative studies. To address this, baseline correction is typically
applied during preprocessing. A variety of algorithms have been developed for this pur-
pose, based on polynomial fitting163,164, least squares165–167 and other curve-fitting ap-
proaches168,169. The choice of method and parameters should be carefully tailored to the
specific data and application, as both overcorrection and undercorrection can introduce
artefactual distortions.

Background removal. Beyond fluorescence-related baselines, Raman spectra may also
contain background signals from external sources such as substrates, mounting media
or other experimental components. To improve specificity and isolate the true Raman
signal, background removal may be applied by subtracting a reference spectrum collected
from the source of background (e.g. a blank substrate or buffer-only control). Care must
be taken to ensure that the reference spectrum is representative and properly aligned to
avoid introducing additional artefacts.

39



Normalisation. As previously mentioned, normalisation or other forms of scaling can
be applied to reduce non-specific variability across instruments, samples or acquisition
settings. This step may also be useful when preparing data for statistical modelling or
machine learning, where the relative scaling of input features can affect performance.
Common normalisation methods include vector normalisation (L2 norm), min-max scal-
ing, standard normal variate (SNV), and area under the curve (AUC) normalisation,
among others. In situations where relative signal intensities carry important biological or
chemical meaning, such as concentration differences across samples, global scaling may
be preferred. This approach allows spectra to be normalised while preserving overall
intensity trends across the dataset.

Outlier removal. Even after multiple preprocessing steps, some spectra may still con-
tain significant artefacts, noise or other anomalies. These low-quality spectra can distort
statistical models or introduce bias, particularly in data-driven analyses. Therefore, out-
lier removal may be performed to enhance the robustness and reliability of downstream
analysis. Although manual inspection and filtering may be feasible for certain applications
involving smaller datasets, automated outlier detection methods are often required. Using
these, spectra that deviate substantially from the rest of the dataset are flagged based
on quality control metrics, statistical thresholds or multivariate techniques. Common
approaches include Hotelling’s T 2 test, Mahalanobis distance170 or custom thresholding.
Regardless of the method, care must be taken to ensure that meaningful variation is not
inadvertently discarded.

Data analysis

While carefully optimised preprocessing can significantly improve signal quality and data
standardisation, the interpretation of the resulting data remains a significant challenge.
The high dimensionality of Raman spectra, combined with the complexity and volume
of data, makes manual inspection impractical and often unreliable.

To this end, a wide range of statistical and computational tools is employed to uncover
underlying patterns and enable interpretation. Depending on the specific goals of the
study, these may include techniques for dimensionality reduction, feature extraction,
clustering, classification and regression. An overview of common analysis techniques in
RS is provided below.

Univariate analysis. Univariate analysis is a commonly used approach in RS, typically
involving the comparison of intensity values at specific peaks or wavenumbers. While
limited in scope, it can be a valuable tool for exploratory or visualisation purposes,
helping to highlight potential biomarkers and investigate trends or differences between
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study groups. To assess the statistical significance of observed differences, tests such as
t-tests or ANOVA are often applied171.

Dimensionality reduction. Given the high dimensionality of RS spectra, dimension-
ality reduction is a common step in RS analysis, aimed at reducing the number of input
variables while preserving as much relevant information as possible. This can be useful for
exploratory analysis, noise reduction, feature extraction, visualisation and downstream
modelling. The most widely used method is principal component analysis (PCA)172–174,
which derives the set of orthogonal components that capture the maximal variance of
the dataset. Non-linear approaches such as t-distributed stochastic neighbour embedding
(t-SNE)175 and uniform manifold approximation and projection (UMAP)176 are also fre-
quently used to visualise local structures or potential clusters in the data.

Clustering. When uncovering underlying structure or subpopulations in the data is the
primary goal, more specialised clustering techniques can be applied. Common cluster-
ing algorithms in RS include k-means177,178, hierarchical clustering179 and density-based
approaches such as DBSCAN180, designed to group spectra in an unsupervised manner
based on their similarity. This can be particularly useful for exploratory analysis, vi-
sualisation and segmentation tasks. Note that the choice of algorithm, distance metric
and parameters (e.g. number of clusters) can significantly influence clustering results and
should thus be selected with the specific data structure and study objectives in mind.

Predictive modelling. Supervised learning methods are also commonly used in RS to
build predictive models that can map spectral features to known outcomes. Depending
on the task, these outcomes may be categorical (classification) – such as disease status
or sample type – or continuous (regression), such as analyte concentration or phenotypic
properties. Common classification algorithms include logistic regression181, linear dis-
criminant analysis (LDA)182, support vector machines (SVM)183, and random forests184,
among others. On the other hand, popular regression methods include linear regression
and partial least squares regression (PLSR)185,186. In recent years, neural networks and
deep learning models have gained significant traction for both classification and regres-
sion, demonstrating substantial improvements in accuracy and robustness, particularly
for more complex tasks or when working with large datasets.

Decomposition and spectral unmixing. In many RS applications, especially when
dealing with complex, heterogeneous samples, recorded spectra represent mixtures of
signals from different chemical or biological sources. Decomposition methods such as
non-negative matrix factorisation (NMF)187 can be used to identify the underlying com-
ponents and estimate their relative contributions. Unlike PCA, NMF imposes non-
negativity constraints, enabling a more interpretable, part-based decomposition that
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aligns well with the inherently non-negative nature of RS data. Depending on the con-
text, more specialised unmixing algorithms may also be applied. Spectral unmixing is
explored in more detail in Section 2.1.5.

Software tools in Raman spectroscopy

Despite its importance and widespread use across the life and physical sciences, RS con-
tinues to face significant practical and methodological challenges, which hinder its broader
deployment and the advancement of RS chemometrics.

Central to this problem is the restrictive, functionally disparate and highly encapsulated
nature of current software for RS data analysis. Much of RS data processing and analysis
still relies on proprietary, closed-source software environments, which vary significantly in
data formats, functionality and design44. As a result, data workflows remain fragmented
and tightly coupled to specific software, leading to methodological inconsistencies, du-
plicated effort and reduced cross-platform and integrative efforts, with growing concerns
around reproducibility38,40,188,189. The constraints of proprietary software have also hin-
dered the integration of emerging AI technologies into RS analysis, limiting the imple-
mentation of specialised procedures beyond what is natively supported. Consequently,
researchers increasingly resort to developing in-house scripts, resulting in workflows dis-
persed across software tools, custom in-house scripts and ad hoc pipelines, further adding
to methodological fragmentation and irreproducibility39.

As new hardware, software and data acquisition RS technologies continue to
emerge190,191, there is a pressing need for an integrated RS data analysis environ-
ment, which facilitates the development of pipelines, methods and applications, and
bolsters the use of RS in industry and research.

2.1.5 Chemical analysis via Raman spectroscopy and chemomet-
rics

As a characterisation technique, the primary objective of RS analysis is to extract mean-
ingful chemical information from collected spectral data. This is particularly important
in applications beyond direct predictive modelling – e.g. biomarker discovery, material
characterisation, disease diagnosis – where explicit chemical insight is essential for sci-
entific interpretation, validation and downstream decision-making. In this context, the
information of interest may be: (i) qualitative – i.e. what analytes are present in a
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sample, and/or (ii) quantitative – i.e. how much of each analyte is present.

To this end, a wide range of chemometric methods have been applied to RS data. This
section reviews key chemometric approaches in RS – from classical techniques to more
recent machine learning-based methods, along with their limitations, and introduces hy-
perspectral unmixing as a framework for unsupervised chemometric analysis.

Standard methods for Raman chemometrics

As discussed in Section 2.1.4, RS analysis encompasses a range of mathematical, statistical
and computational techniques. Many of these methods are applied for chemometric pur-
poses to extract qualitative and quantitative chemical information from Raman spectra.
Common approaches can be broadly grouped as univariate or multivariate, depending on
how they handle spectral features.

Univariate methods focus on analysing individual peaks or spectral bands. They
are typically used in simpler, well-characterised systems, where specific spectral features
can be reliably linked to known molecular vibrations or target compounds. Qualitative
analysis often involves detecting the presence or absence of characteristic peaks using
thresholding or peak detection algorithms. For quantitative assessments, peak height or
integrated area is usually measured and related to concentration through pre-established
calibration curves. In some cases, analysis can be extended to multiple peaks by com-
paring ratios between peak intensities or areas.

The main advantages of univariate methods are their simplicity and interpretability. How-
ever, they become less effective in more complex systems, such as biological samples,
where peaks from multiple sources may overlap and vary significantly due to noise, base-
lines and other artefacts. As noted earlier, instrumental and experimental variation can
also cause peak shifts, further complicating univariate analysis. Lastly, these methods
typically require prior knowledge of target peaks and strong domain expertise, which
limits their applicability in exploratory, target-agnostic or highly heterogeneous settings.

Multivariate methods, by contrast, consider multiple spectral features simultaneously,
often leveraging the full spectrum. This allows them to capture global patterns and
correlations within the data, making them generally more effective for complex samples
where peaks overlap or interact.

When reference spectra for target compounds are available, either from separately col-
lected measurements or spectral libraries, a common approach is to model measured
spectra as linear combinations of these references using methods such as non-negative
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least squares (NNLS)192. This enables estimation of the relative contribution of each
target component. However, this approach has two limitations. First, it assumes that
the relevant target components are known in advance. Second, the fitting process can be
highly sensitive to noise, baseline variation and other artefacts. This can be particularly
problematic in highly heterogeneous biological systems such as cells and tissues, where it
is often infeasible to obtain a comprehensive set of reference spectra that fully captures
the diversity of biochemical components. Moreover, spectral signatures observed in com-
plex biological matrices can differ substantially from those measured in pure solutions,
further complicating interpretation.

In cases where quantitative labels are available, such as known concentrations or class
labels (e.g. sample type, disease state), supervised multivariate methods like partial least
squares (PLS) regression and its classification variant, PLS-DA, are widely used. These
methods learn a mapping between spectral features and labelled outputs, which can be
used to predict the composition of new, unseen spectra. However, this also supposes a
fixed set of target compounds or classes and the availability of labelled compositional
data.

In fully unsupervised settings, where neither reference spectra nor labels are available,
dimensionality reduction techniques such as PCA and NMF are commonly used to infer
dominant spectral components directly from the data. Quantitative information is then
extracted from component loadings or scores, or by combining these components with
regression methods such as NNLS. However, this approach also presents challenges. First,
qualitative interpretation typically requires post hoc matching to known spectra, often
through expert curation or spectral similarity measures (e.g. hit-quality index, HQI) and
library searches. Second, both the extracted components and their estimated abundances
can be highly susceptible to sample heterogeneity, experimental noise and artefacts.

General challenges in Raman chemometrics of biological samples

Despite the significant advances in RS and the wide range of chemometric techniques
available, the analysis of RS data remains a major challenge, particularly in the context
of biological systems. Raman measurements from complex, heterogeneous samples, such
as cells, tissues and organoids, often yield noisy, highly convoluted spectra containing
overlapping spectral features arising from a diverse mix of molecular species coexisting
and interacting at micro- to nanoscales. This complexity hinders the qualitative and
quantitative investigation of RS measurements40,41. Many established methods for chem-
ical analysis struggle to extract meaningful and interpretable information under such
conditions, limiting the effectiveness of RS for biological imaging and analysis.
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Another challenge lies in the sheer volume of data produced by modern RS experi-
ments. High-resolution mapping, volumetric imaging and time-point studies routinely
generate thousands to millions of spectra per experiment. Each spectrum is inherently
high-dimensional, capturing hundreds to thousands of wavenumbers. The resulting data
volume and complexity make manual inspection impractical and often unreliable.

Addressing these issues requires not only more advanced analytical techniques that can
identify meaningful spectral patterns associated with biological states or processes, but
also software tools and workflows capable of handling noisy, high-dimensional data in a
reproducible and scalable manner.

Deep learning approaches for Raman chemometrics

More recently, deep learning methods have emerged as a powerful framework for the anal-
ysis of RS data, gaining considerable traction over the past few years28,193–197. Promising
more autonomous, flexible and data-driven analytics, deep neural networks been applied
across a wide range of domains, spanning the identification of pathogens and other mi-
crobes100,198–200, the characterisation of chemicals, including minerals201, pesticides202

and other analytes203,204, the development of novel diagnostic platforms205–208, and the
application of techniques from computer vision for denoising and super-resolution in
Raman imaging209. Common approaches include multilayer perceptrons (MLPs)210, con-
volutional neural networks (CNNs)211,212 and recurrent neural networks (RNNs)213, each
offering distinct advantages in how they model spectral structure in RS data. More re-
cently, transformer-based architectures have gained significant traction, enabling more
effective modelling of long-range dependencies across spectral features and often outper-
forming alternative methods on benchmark tasks214.

An area of topical interest in RS is the application of deep learning methods to chemo-
metric analysis. In recent years, a wide range of neural network architectures has been
explored for qualitative and quantitative analysis of RS data, aiming to accurately infer
the chemical composition of samples directly from spectral measurements43. However, a
major challenge remains.

Despite their advantages over classical chemometric techniques, most deep learning
approaches in Raman spectroscopy share a key limitation: they are developed and
evaluated in fully supervised settings. This significantly limits their applicability in
real-world scenarios, where ground-truth information about sample composition is
often unavailable.
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In supervised settings, models are learned using ground-truth annotations for predefined
classification or regression tasks. For instance, approaches for compositional character-
isation of Raman measurements often rely on explicit information about the presence
(or absence) of particular target species215 or known concentrations212,214,216–218, which
is provided during model training. These tasks may take various forms, including binary
classification (e.g. species A present or not), multi-class discrimination (e.g. species A
vs. species B), or quantitative estimation (e.g. 10 µL vs. 20 µL concentration levels).

However, such annotations are rarely available in practice, particularly in domains in-
volving complex or poorly characterised samples. In the context of this study, the precise
molecular composition of organoid tissues is generally unknown and cannot be feasibly
determined at scale under varying experimental conditions using orthogonal techniques.
While partial compositional information can be obtained through complementary charac-
terisation techniques such as fluorescence microscopy81,219–221, the resulting annotations
are typically limited to a few targets, leaving many molecular species unlabelled. They
also tend to provide categorical rather than quantitative supervision, compressing sub-
tle biochemical variation important for downstream analysis. In addition, cross-modal
co-registration is often non-trivial due to differences in imaging parameters, sample prepa-
ration and fields of view.

More fundamentally, most supervised models are inherently trained on a fixed corpus of
chemical species or concentration classes/ranges, limiting their generalisability to new or
previously unseen components. Furthermore, enumerating all relevant species in complex,
heterogeneous samples, such as cells or tissues, is generally not feasible. This poses a sig-
nificant barrier to deploying such models in open-world or discovery-driven applications,
where both the presence and concentration of chemical species may vary unpredictably
and are often not known in advance.

These challenges underscore the need for unsupervised, general-purpose chemometric
approaches capable of learning and extracting meaningful information from unlabelled RS
data without known target substances and concentrations. Developing such techniques
is essential to realise the potential of RS for label-free chemical characterisation.

Unsupervised chemometric analysis via hyperspectral unmixing

To address these limitations, this thesis develops methods for fully unsupervised
Raman imaging and analysis based on the framework of hyperspectral unmixing.
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Hyperspectral unmixing (also known as (hyper)spectral deconvolution or multivariate
curve resolution) refers to the task of decomposing complex spectral measurements into
their constituent chemical components222,223. It offers a general framework for qualitative
and quantitative analysis, aiming to identify the underlying species present in a sample
and estimate their relative proportions.

Raman spectra can be represented as vectors x ∈ Rb
+, whose components correspond

to the intensity of inelastically scattered light binned over b wavelength or wavenumber
bands. In hyperspectral unmixing, these measurements are treated as the result of an
underlying mixing of n ‘pure’ components, defined by their Raman signatures mi ∈
Rb

+, i = 1, . . . , n (endmembers), and their respective proportions {αi}n
i=1, αi ∈ R+

(abundances).

Methods for hyperspectral unmixing aim to resolve mixed measurements x by identify-
ing the individual components present {mi}n

i=1 (endmember identification) and/or
quantifying their proportions {αi}n

i=1 (abundance estimation). This problem can be
approached under two settings:

• Non-blind unmixing: the endmember spectra mi are known in advance (e.g.
from a reference database), and only the abundances need to be estimated.

• Blind unmixing: both the endmembers and their abundances are unknown and
must be inferred from the observed spectral data.

This thesis focuses on blind unmixing, which is a more general framework that does
not require reference spectra or labelled training data and is therefore well-suited to
exploratory scenarios where prior knowledge of sample composition is limited or unavail-
able. Nonetheless, the proposed techniques are readily adaptable to the simpler problem
of non-blind unmixing, as discussed in Chapter 4.

Note that in blind hyperspectral unmixing, the number of endmembers n to extract is a
key hyperparameter. Choosing n directly influences the calculated abundance maps, as
underestimating or overestimating the number of endmembers can lead to mixing of dis-
tinct spectral components or splitting of single components across multiple endmembers.

A major challenge in unmixing is that it is, in general, an ill-posed and unidentifiable
problem224. In the blind setting, there is insufficient information to uniquely recover the
underlying components and their abundances without additional assumptions. This is
due to the lack of prior knowledge about the mixing process, the number and nature of the
components (endmembers), and the structure of the spectral data. Achieving accurate
unmixing in a data-driven manner – i.e. directly from observed measurements, without
manual curation or prior domain knowledge – remains a central challenge in RS.
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To make the problem more tractable, it is common to impose a specific mixing model
that governs how the observed spectra are generated from the underlying components.
The simplest and most widely used formulation is the linear mixing model (LMM),
where measurements are assumed to be a linear combination of the endmembers:

x = Mα =
n∑

i=1
αimi, (2.2)

where M =
[
m1 m2 · · · mn

]
is an b × n non-negative matrix containing the n end-

member signatures, and α = (α1, α2, · · · , αn)T is an n×1 vector storing the corresponding
abundances. A random noise term ϵ ∈ Rb may also be added to Equation 2.2 to model
stochastic variations. The abundances αi are constrained to be non-negative (i.e. the
abundance non-negativity constraint (ANC), αi ≥ 0, ∀i), and are forced to sum
to 1 when corresponding to proportions (i.e. the abundance sum-to-one constraint
(ASC), ||α||1 = 1).

The LMM is a good approximation when endmember species are spatially well-separated
with respect to the focal volume, and complex light interactions that may cause non-
linear signal contributions can be neglected225. However, when non-linear interactions
become significant, more intricate models are required226. To represent phenomena such
as multiple scattering events, topographic variances and shadowing effects, the LMM has
been extended in remote sensing to more complex variants226,227, including intimate mix-
ture models228, bilinear models229–231, multilinear models232, or post-nonlinear models233,
among others. A popular bilinear mixing model is the Fan model230:

x =
n∑

i=1
αimi +

n∑
k=1

n∑
l=1,
l ̸=k

αkmk ⊙ αlml, (2.3)

where ⊙ is the Hadamard product. However, accounting for non-linear mixing inter-
actions increases the complexity and computational cost of unmixing226,227, an issue of
especial relevance in RS where datasets (e.g. imaging/volumetric scans) are typically
larger than in remote sensing. Hence, despite its limitations, the LMM remains a corner-
stone of hyperspectral unmixing in most practical settings222,224.

For more information about hyperspectral unmixing, the reader is pointed to previous
works by Keshava and Mustard 225 and Li et al. 222 .

Standard methods for hyperspectral unmixing

The linear mixing assumption allows the development of tractable approaches for unmix-
ing. Popular approaches, originated in remote sensing, include N-FINDR234 and vertex
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component analysis (VCA)235 for endmember identification, and NNLS192 and fully con-
strained least squares (FCLS)236 for abundance estimation222,237. N-FINDR and VCA
are geometric methods based on the concept of a simplex in Euclidean space. N-FINDR
exploits the fact that, under Equation 2.2, endmembers represent vertices of a simplex
spanning the data, and operates by iteratively finding a set of points (endmembers) that
maximise the volume of the simplex they form. In contrast, VCA finds endmembers by
projecting the data onto directions orthogonal to the subspace spanned by previously
found endmembers and identifying new endmembers as the farthest points in these di-
rections, effectively constructing a simplex that encompasses all data points. In both
methods, the number of endmembers to extract is specified a priori by the user. Once
endmember signatures M are derived, optimisation-based algorithms such as NNLS and
FCLS are employed to estimate the abundances α for a given spectrum x by minimizing
the reconstruction error between the observed data and the model minα ∥Mα − x∥2.
NNLS imposes the ANC, whereas FCLS imposes both the ANC and ASC.

However, these methods have several significant limitations225,238. First, they are inher-
ently restricted to linear unmixing and thus fail to capture potential non-linear interac-
tions that can be present in real-world Raman spectra. They are also highly sensitive to
common artefacts, such as dark noise, baseline fluctuations and cosmic spikes, which are
often misidentified as genuine endmember components rather than as outliers. Moreover,
approaches like N-FINDR and VCA assume that the underlying chemical constituents
are present as ‘pure pixels’ in the dataset (i.e. individual pixels that contain only a single
component). Yet, this assumption does not hold in many practical scenarios, particularly
in highly heterogeneous samples such as biological tissues. Finally, algorithms like FCLS
can become computationally prohibitive when applied to large datasets, limiting their
practicality for high-resolution imaging or volumetric scans.

Unmixing autoencoders

To address these limitations, this thesis frames the problem of hyperspectral unmix-
ing as an autoencoder learning problem.

Autoencoder (AE) neural networks have recently emerged as a framework for hyperspec-
tral unmixing in remote sensing, spurred by the availability of standardised benchmark
datasets for model evaluation (e.g. Urban, Samson, AVARIS Cuprite)239–243. Yet, de-
spite initial explorations244,245, the utility of unmixing AEs for RS data remains largely
unexplored.
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Autoencoders are a family of (deep) neural network models consisting of two sub-networks
(encoder and decoder) connected sequentially246. To illustrate how they can be adapted
for hyperspectral unmixing, consider an AE model consisting of an encoder E : Rb → Rm

that maps an input spectrum x to a latent representation z = E(x) in a lower-dimensional
space, typically m ≪ b. This latent vector is then passed through a decoder D : Rm → Rb

to reconstruct the original input:

x̂ = D(z) = D(E(x)). (2.4)

Notice that the decoder D can be understood as playing the role of a mixing function on
the representation z. For instance, consider a linear decoder DLin consisting of a single
linear layer defined by a b × m weight matrix W , then:

x̂ = DLin(z) = Wz . (2.5)

It follows from the formulation of the LMM (Equation 2.2) that the latent representations
z resemble the abundances α, the weight matrix W resembles the matrix of endmembers
M , and the dimensionality m of the latent space defines the number n of endmembers to
learn. To reinforce the physical interpretation of unmixing into the AE learning, relevant
constraints, such as the non-negativity of W and the non-negativity (ANC) or sum-to-
one constraint (ASC) of z, are enforced by applying appropriate choices of activation
functions and penalties during training.

This framework can accommodate non-linear mixture models through the design of the
decoder. For instance, the bilinear Fan model (Equation 2.3) can be implemented by
extending DLin to account for the additional bilinear terms:

x̂ = DBilin(z) = Wz +
m∑

k=1

m∑
l=1,
l ̸=k

zkwk ⊙ zlwl, (2.6)

where zk, zl are components of z, and wk, wl are column vectors of W . Similarly, one
can devise decoders suited for other mixture models243,247,248, or adopt a general decoder
that learns the underlying mixing model in a more data-driven manner, at the cost of
interpretability of the extracted endmembers and abundances. Finally, note that the AE
unmixing framework can be directly adapted for non-blind unmixing by fixing the weight
matrix W in the decoder to a given set of predefined endmembers.
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2.2 Neural organoids: Modelling the human brain in a
dish
Building on the discussion of Raman spectroscopy, this section introduces neural organoids.
It begins by outlining major challenges in brain research and highlighting the need for in
vitro models of the human brain (Section 2.2.1), followed by a brief historical overview of
the cell culture advances that led to the development of three-dimensional organoids (Sec-
tion 2.2.2). A detailed discussion of neural organoids is then presented, including how they
are generated in vitro and why they represent a significant advancement in biomedical re-
search (Section 2.2.3). Key applications of neural organoids are reviewed (Section 2.2.4),
and current limitations in imaging and analysis techniques are examined, motivating the
application of RS for organoid characterisation and analysis (Section 2.2.5).

2.2.1 The need for better biological models of the human brain
The human brain is the most complex organ in the human body. Weighing approximately
three pounds, it comprises billions of neurons and trillions of synaptic connections, or-
ganised into an intricate hierarchy of specialised yet interconnected regions249–251. Over
millions of years of evolution, the human brain has developed into a defining feature of
the human species, underpinning human cognition, behaviour and many vital physiolog-
ical functions. As such, understanding how the brain works has long been a fundamental
question in biology, as well as a focal point of broader philosophical inquiry252,253.

Central to this pursuit is the development of tools that allow us to probe the brain’s
structure, function and development254. Such tools are essential not only for uncovering
the biological basis of cognition and behaviour, but also for studying how the human brain
develops, identifying what goes awry in complex neurological and psychiatric disorders,
and informing the design of effective therapeutic strategies.

Challenges in studying the developing human brain

Yet, studying the human brain remains a major scientific challenge, marked by significant
technical, ethical and practical constraints. One of the primary challenges is the inherent
inaccessibility of the brain. Direct investigation is rarely possible: in vivo studies in
humans are largely infeasible, live brain tissue is generally inaccessible, and post-mortem
samples provide only static snapshots, often lacking the dynamic context required to
study development or disease progression.
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These limitations are even more pronounced in the context of early human brain devel-
opment. This period, which occurs during embryogenesis, involves rapid and tightly reg-
ulated processes, such as progenitor proliferation, neuronal differentiation, migration and
circuit formation, which establish the foundation for brain architecture and function255.
Probing the cellular and molecular mechanisms underlying these events is essential for
advancing our understanding of brain development and developmental disorders, and for
designing more targeted therapies and drug candidates. However, access to embryonic
or fetal brain tissue is highly restricted due to ethical and legal constraints256,257, and
the ability to interrogate dynamic processes in these tissues across spatial and temporal
scales within physiologically relevant environments remains limited258. As a result, many
aspects of early human brain development and the developmental diseases associated with
it remain poorly understood.

Experimental models in brain research

In the absence of direct access to the human brain, neuroscience research has long relied
on alternative experimental models, including 2D cell cultures and a range of animal
systems. These models have been instrumental in advancing our understanding of neural
development, brain structure and function, and the mechanisms underlying neurological
disease256,259–262. The most widely used experimental systems and their relevance to
human brain research are briefly discussed below.

• 2D cell cultures. Two-dimensional cell culture systems, including immortalised
cell lines, primary neural cultures and stem cell-derived neural cells, are widely used
in neuroscience due to their accessibility and ease of manipulation263–267. While they
lack the complexity of in vivo models, 2D cultures enable high-throughput genetic,
molecular and pharmacological studies, making them well suited for investigating
cell-intrinsic processes such as cell proliferation, differentiation and signalling.

• Ex vivo tissues. Building on cellular models, ex vivo preparations such as acute
brain slices, organotypic cultures and biopsies serve as valuable intermediate sys-
tems in neuroscience research268–271. Positioned between in vitro and in vivo ap-
proaches, these models – typically derived from freshly collected animal tissue and,
more rarely, from human surgical or postmortem brain samples – offer improved
physiological relevance compared to dissociated cultures, while retaining a degree of
experimental accessibility. They preserve key structural and functional features of
the nervous system, including native cytoarchitecture, cellular diversity and aspects
of the local microenvironment, and enable high-resolution, controlled investigations
of cellular, synaptic and circuit-level processes.

• Rodents. Going beyond cellular and tissue preparations, whole-animal models of-
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fer the complexity of intact, living systems. Rodents, particularly mice and rats,
remain the most widely used animal models in neuroscience, critical for studying
brain structure, function, disease processes and drug response272–275. The avail-
ability of advanced genetic engineering techniques and well-established methodolo-
gies for neuroimaging, behavioural and electrophysiological studies further supports
their widespread use276,277.

• Larger mammals and non-human primates. Larger mammals, including pigs,
dogs and ferrets, are also employed as experimental model systems in neuroscience,
recapitulating important anatomical, functional and social characteristics relevant
to the human brain278–280. Non-human primates, such as marmosets, lemurs and
macaques, extend this further, providing models for neuroscience research and dis-
ease modelling that more closely resemble aspects of human brain evolution, struc-
ture and function281–284.

Each of these experimental model systems comes with distinct strengths and limitations,
and the choice of model depends heavily on the application and the biological question
being addressed. In many cases, a combination of models may be used. For instance, drug
discovery often involves initial testing in cell cultures to assess basic efficacy, mechanisms
of action and potential cytotoxicity, followed by toxicity and dosing studies in rodents
and/or larger animals, before progressing to clinical trials in humans285,286.

Limitations of standard models

While 2D cell culture and animal model systems have been instrumental tools in advanc-
ing neuroscience, they present several important limitations. These are discussed below,
focusing on human brain development.

• Limited structural and cellular complexity in 2D cell cultures. Two-
dimensional monolayer cultures lack the three-dimensional architecture, spatial or-
ganisation and cellular diversity that define the human brain. As a result, they
fail to capture key features of brain biology, including region-specific interactions,
layered structures, complex circuitry, and diverse cell-cell and cell-matrix interac-
tions287–289. Without the microenvironmental and topological complexity of native
tissue, these systems offer limited relevance for modelling tissue morphogenesis and
cellular heterogeneity, both of which are crucial for understanding early brain de-
velopment and its disruption in disease.

• Inherent differences between human and animal biology. While animal
models remain essential to biomedical research, they often fail to replicate critical
aspects of human brain development and physiology257,290. This leads to significant
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differences in brain size, structure, cellular diversity, developmental timing, gene
regulation and immune function291–295. For instance, key hallmarks of human brain
development, including neocortical expansion, the presence of outer radial glia and
prolonged cortical neurogenesis, are absent or poorly represented in widely used
species such as rodents and small mammals296–298. Furthermore, many neurological
and neurodevelopmental disorders, such as Parkinson’s disease, autism spectrum
disorder and schizophrenia, lack analogues in common animal models and cannot
be adequately studied299,300.

• Limited accessibility and viability of ex vivo tissue models. Ex vivo hu-
man tissues are scarce, difficult to obtain and highly variable due to differences in
genetic background, environmental exposures and sample handling. Furthermore,
these tissues often represent static snapshots, generally of late-stage states, which
are not representative of processes in vivo 301. While animal-derived slices are more
accessible, they may not fully capture human-specific features. As a result, study-
ing complex, dynamic biological events, including early developmental trajectories,
progressive disease mechanisms and longitudinal functional changes using ex vivo
models remains challenging.

• Practical and ethical constraints. Access to human subjects and tissues for
research, particularly embryonic or fetal brain tissue, is extremely limited due to
ethical, regulatory and practical considerations302–305. Animal studies also face
significant constraints, specifically in the context of invasive experiments, or those
involving primates or transgenic models256,257,284,306. To ensure ethical standards
are maintained, stringent guidelines governing the use of animals in research have
been established307.

As a result, our ability to study the human brain and neurobiology remains limited. Key
aspects of brain development, including cellular dynamics, structural organisation, tissue
morphogenesis and disease mechanisms, are still largely inaccessible using standard mod-
els. This constrains research into the fundamental biology of brain formation, function
and developmental disorders. It also contributes to the poor translation of experimental
findings to clinical contexts, with estimates suggesting that approximately 90% of candi-
date drugs ultimately fail in human trials308–310 – a pressing challenge amid the growing
global burden of neurological disorders311–313.

In recognition of these limitations, regulatory bodies such as the U.S. Food and Drug
Administration (FDA) have launched initiatives to reduce animal testing in preclinical
safety studies, encouraging the development and adoption of more predictive, human-
relevant models314.

54



Developing alternative experimental neuroscience models that are accessible, ex-
perimentally tractable and more accurately recapitulate the unique features of the
developing human brain – along with the tools required to study them – is criti-
cal for advancing our understanding of brain development and disease, improving
preclinical success rates, and accelerating the discovery of effective therapies.

2.2.2 From 2D to 3D neural cell cultures
Despite their limitations, 2D cell cultures remain one of the most accessible and widely
used tools in biological research, offering a flexible platform to investigate cellular pro-
cesses under controlled conditions.

Two-dimensional neural cell cultures and their limitations

The origins of cell culture date back to the early 20th century, with pioneering work on tis-
sue dissociation and the cultivation of mammalian cells outside the organism that laid the
foundation for modern in vitro systems315–317. In the decades since, cell culture developed
into an indispensable research tool, becoming deeply embedded in experimental workflows
across molecular biology, biomedicine, pharmacology and regenerative medicine.

Among the various platforms available, two-dimensional culture systems, where dissoci-
ated cells are plated onto flat substrates and grow as adherent monolayers, remain the
most widely used. Owing to their simplicity, reproducibility, scalability and compati-
bility with imaging and molecular assays, 2D cultures have become central to biological
research, serving as key models for studying cell proliferation, differentiation, cell-cell
interactions, signalling pathways, disease mechanisms, therapeutic responses, and other
fundamental aspects of cell biology. In neuroscience, 2D culture systems have facili-
tated the investigation of various aspects of neural development and function, including
cell regulation and differentiation318, network formation319, neurotransmitters320, disease
mechanisms321 and pharmacological response322. Early work relied heavily on primary
neural cultures derived from rodent brain tissue and immortalised cell lines engineered
to proliferate indefinitely (e.g. SH-SY5Y, PC12), which provided accessible and scal-
able models for in vitro research323. Despite contributing to many discoveries, these
systems still exhibited significant limitations, including species-specific differences, re-
stricted differentiation potential and limited physiological relevance compared to human
neural tissue.

A major advance in cell culture came with the isolation of pluripotent stem cells
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(PSCs), which have the capacity to differentiate into cell types derived from all three
germ layers. Mouse embryonic stem cells (ESCs) were first established in the early
1980s324,325, followed by human ESCs in 1998326. These breakthroughs opened up new av-
enues for research in developmental biology, disease modelling and regenerative medicine,
yet the use of ESCs remained ethically and legally contentious, primarily due to the de-
struction of embryos327,328. This limitation was largely overcome with the generation of
induced pluripotent stem cells (iPSCs) by Shinya Yamanaka and Kazutoshi Takahashi
in 2006, who managed to reprogram somatic cells into a pluripotent state using specific
transcription factors329,330. iPSCs offer a renewable, patient-specific and more ethically
viable alternative to ESCs, and have since become central to a wide range of research
and translational applications, including in neuroscience331.

Many early neural differentiation protocols from PSCs relied on 2D monolayer cultures332.
An alternative approach involved forming embryoid bodies (EBs), in which mouse and
human ESCs self-assemble into 3D aggregates when cultured in suspension. EBs recapit-
ulate key aspects of early embryogenesis, demonstrating lineage emergence and cellular
self-organisation in vitro, giving rise to derivatives of all three germ layers333–335. Using
this approach, Zhang et al. showed that human ESCs can produce neural progenitors,
neurons and glia, and spontaneously form neural rosettes resembling the early neural
tube336. To enhance lineage specificity and region-specific neural induction, many stud-
ies explored the use of different morphogen cues337–339.

Nevertheless, despite the use of 3D EBs, most of these methods remained fundamentally
two-dimensional, with EBs serving as a transient priming step before being plated onto
adherent substrates where neural induction and differentiation proceeded in monolay-
ers. Consequently, many of the inherent limitations of 2D cultures, such as restricted
spatial architecture, cell-cell interactions and microenvironmental gradients, were largely
unaddressed.

Towards three-dimensional neural cell cultures

There was a growing consensus that advancing beyond 2D monolayer cultures was es-
sential to develop models that more accurately recapitulate the structural and functional
complexity of the human brain in vivo 340. While EBs introduced some degree of three-
dimensionality, more sustained and developmentally relevant 3D culture systems were
required.

One of the earliest approaches to establishing neural-specific 3D cultures was the neu-
rosphere assay, developed by Reynolds and Weiss in 1992341. In this method, neural
stem or progenitor cells isolated from fetal or adult brain tissue were cultured in suspen-
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sion with mitogenic factors, resulting in the formation of free-floating 3D cell aggregates
capable of differentiating into neurons, astrocytes and oligodendrocytes. While the as-
say proved useful for studying basic properties of neural stem cells, neurospheres were
heterogeneous in size and cellular composition and lacked spatial organisation, regional
identity and developmental relevance.

To overcome these limitations, researchers turned to PSCs, aiming to exploit their self-
organising potential. Building on EB-based protocols, Reubinoff et al. demonstrated that
human ESCs could generate neural progenitors that formed 3D aggregates expressing
basic neural markers, though without organised tissue architecture342. In a subsequent
study, Eiraku et al. showed that patterned neural induction of mouse ESC-derived EBs
produced neuroepithelial tissues with apical-basal polarity and a neural plate-like struc-
ture343. Maintained entirely in suspension, these aggregates provided further evidence
that PSCs can self-organise into structured neural tissues in three dimensions. These
PSC-derived 3D aggregates, broadly called neural spheroids, enabled enhanced spatial
patterning and cell-cell interactions, leading to the emergence of early brain-like features
not achievable in 2D cultures. Later studies demonstrated more precise regional specifi-
cation through patterned neural induction, resulting in spheroids with distinct forebrain
subdomains344,345.

These studies marked an important conceptual shift toward 3D models as more physiolog-
ically relevant systems for studying human brain development. Despite these advances,
however, early spheroid models remained limited in complexity and cellular diversity. Al-
though more complex models, termed organoids, had been developed for several organs
by the early 2010s, including the intestine346, pituitary347, retina348 and thyroid349, a
comprehensive 3D model of the developing human brain had yet to be achieved.

2.2.3 Neural organoids

Generation of neural organoids

This line of research culminated in the landmark study by Lancaster et al. in 2013, who
reported the development of three-dimensional neural organoids∗ derived from human
PSCs7. These organoids, which reached several millimetres in size, developed multiple

∗The tissues described in the study by Lancaster et al.7 were originally termed “cerebral organoids” –
from the Latin cerebrum, meaning brain. Since then, the field has adopted broader and more anatomically
precise terminology350. To avoid confusion with specific brain regions like the cerebellum and align with
current nomenclature, the term “neural organoids” is used throughout this thesis when referring to
PSC-derived brain organoids, particularly when regional identity has not been definitively characterised.
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discrete yet interconnected brain region-like domains, including retinal tissue, forebrain,
choroid plexus, and midbrain/hindbrain structures. They recapitulated key aspects of
early human cortical development, forming ventricular zone-like structures, rudimentary
cortical plate-like layers, abundant outer radial glia and various subtypes of mature and
functional cortical neurons. Interestingly, the authors achieved this by modifying the
culture conditions rather than applying external patterning factors. In particular, they
embedded cell aggregates in Matrigel to support epithelial polarity and lumen formation,
and used spinning bioreactors to improve nutrient and oxygen diffusion. These conditions,
intended to promote the intrinsic self-organisation of PSCs, appeared to activate innate
developmental programs, resulting in structures resembling early corticogenesis. This
approach is referred to as unguided differentiation (or self-patterning), and the resulting
tissues as unguided neural organoids.

In the same study, Lancaster et al. also demonstrated the potential of neural organoids for
modelling human neurodevelopmental disorders7. Using patient-derived human iPSCs,
they generated organoids that recapitulated primary microcephaly – a condition that had
been difficult to model in mice. Organoids derived from microcephaly patients exhibited
reduced overall size and premature neuronal differentiation, providing insight into poten-
tial mechanisms underlying the disease phenotype in vivo. This work served as proof of
concept that PSC-derived neural organoids can model patient-specific developmental and
pathological features in vitro.

Since then, various alternative protocols have been established. In addition to unguided
differentiation approaches that rely on intrinsic cues, many guided differentiation meth-
ods have been developed, using external patterning with morphogens to produce more
homogeneous tissues with defined regional identities. In particular, protocols have been
created for generating region-specific neural organoids, such as optic cup348, forebrain351,
midbrain352, hindbrain353 and striatum354. These regionally patterned organoids have
also been used in the context of assembloid systems, in which pre-patterned neural
organoids with distinct regional identities are fused to model interactions between dif-
ferent brain areas9,355–357. Advances on the bioengineering side, such as the use of tai-
lored biomaterials, scalable culture systems and protocols for extended long-term growth,
have further enhanced the maturation, cellular diversity and architectural complexity of
neural organoids358–362. Organoid culture systems have also since been extended to a
range of organs beyond the nervous system, including the kidney363, stomach364, lung365,
and heart366, among others. In addition, more comprehensive embryo-like models have
been developed, such as gastruloids367,368 and embryonic trunk-like structures containing
somites369.

Together, these advances have broadened the structural complexity and functional ca-

58



pabilities of neural organoids, positioning them as versatile systems for studying human
neurodevelopment and neurobiology, modelling neurological diseases, and assessing ther-
apeutic responses in vitro. For a more comprehensive historical overview of organoid
research and the evolution of neural organoid technologies, the reader is referred to the
works by Lancaster and Knoblich 8 , Pas, ca 9 , Simian and Bissell 370 , Koo et al. 371 , Corrò
et al. 372 , Lancaster 373 .

In Chapter 5 of this thesis, unguided neural organoids generated following the orig-
inal protocol by Lancaster et al. 7 are analysed.

Advantages of neural organoids

While they remain imperfect representations of the human brain, neural organoids pro-
vide a powerful experimental platform that addresses many of the limitations of 2D cell
cultures and animal models8–10,15,374. The main advantages of neural organoids in this
context are summarised below.

• 3D architecture. Neural organoids exhibit a spatially organised, three-dimensional
architecture that more closely reflects the structure of the human brain in vivo
compared to conventional 2D monolayer cultures. This structural context supports
cell-cell and cell-matrix interactions and establishes more physiologically relevant
gradients of oxygen, nutrients and morphogens, guiding processes such as cellular
differentiation, neuronal migration and cortical tissue organisation7,287–289,351.

• High cellular diversity. Neural organoids are capable of generating a wide va-
riety of neural cell types, including progenitors, excitatory and inhibitory neurons,
astrocytes and oligodendrocyte precursors11,12. This level of cellular diversity is
typically lacking in 2D cultures and poorly represented in animal models, where
species-specific differences influence lineage specification and maturation296.

• Human-specificity and patient-specific modelling. Neural organoids derived
from human PSCs capture aspects of human brain development that are difficult to
model in animals, including the presence of abundant outer radial glia, prolonged
progenitor proliferation, expanded cortical layer and genetic regulation7,12,351,375–378.
In addition, organoids generated from patient-derived iPSCs offer genetically tai-
lored, patient-specific models of neurological disease, enabling personalised investi-
gation of genetic variants, molecular pathologies and differential drug responses to
advance precision neuroscience7,357,379–381.

• Access to early human brain development. Neural organoids recapitulate
hallmark features of early human neurodevelopment, including the formation of
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ventricular zones, cortical layering and radial glial scaffolds, which are largely ab-
sent in 2D systems and only partially represented in animal models with divergent
developmental programs7,10,15,377. They also reproduce sequential developmental
events such as neuroepithelial rosette formation, migration of neurons along radial
glia and laminar specification8. Over extended culture, organoids also establish
synaptic connections and display evolving patterns of spontaneous electrophysio-
logical activity, providing access to circuit-level biology and drug responses in a
human-specific context13,382.

• Experimental scalability and flexibility. Organoids can be generated from
diverse PSC lines and produced at scale, enabling high-throughput studies across
individuals and disease cohorts383. When combined with gene editing and drug
screening technologies, they provide a flexible platform for functional genomics,
perturbation assays and therapeutic testing – capabilities that are often limited in
animal models or poorly represented in traditional 2D cultures384–386.

• Ethical advantages. While some ethical considerations remain as organoid tech-
nology advances, neural organoid models address many limitations associated with
animal and human research, providing an accessible experimental platform for
studying early human brain development and developmental diseases in physio-
logically relevant contexts, which reduces the use of human embryonic or fetal
tissue387–389.

Overall, neural organoids recapitulate key aspects of the organisation, dynamics and
heterogeneity of the developing human brain in vivo, providing an accessible and
physiologically relevant platform for studying human brain development, neurolog-
ical disorders and potential therapeutic interventions.

2.2.4 Applications of neural organoids in brain research
The advantages of neural organoids over traditional models have established them as a
valuable addition to the neuroscience and biomedical research toolkit, enabling a wide
range of applications in developmental biology, disease modelling, drug screening and
beyond. This section reviews key applications of neural organoids across these domains.

Although the primary focus of this thesis is on brain development, related applications
in other areas are also briefly discussed for completeness, particularly given the potential
for the tools developed here to be applied in these contexts as well.
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Figure 2.4: Overview of key application areas of neural organoids. The figure highlights major
applications of neural organoid models across several domains, including developmental biology, disease
modelling, neurotoxicity testing and drug discovery. Created in BioRender.com.

Developmental biology

One of the primary applications of neural organoids – and the main focus of this thesis – is
in developmental biology, offering access to developmental structures, stages and processes
that are otherwise inaccessible in 2D cultures and animal or human embryos8,10,15,377.

Neurogenesis, patterning and morphogenesis. Neural organoids have provided in-
sight into the molecular and mechanical processes driving cortical morphogenesis, includ-
ing the formation of radial units, laminar structure and regional patterning. Single-cell
sequencing has revealed human-specific features of early neurogenesis and the intrinsic
transcriptional programs that guide cortical architecture378,390. Studies using regionally
patterned organoids have further shown how morphogen gradients specify neuronal sub-
types across distinct brain areas391. Structural analyses have also demonstrated how
cytoskeletal tension, mechanical forces and epithelial dynamics shape lumen formation,
folding and progenitor zone architecture, influencing cell fate transitions and lineage spa-
tialisation392.

Cell type diversity, lineage trajectories and signalling. Single-cell sequencing and
lineage tracing in neural organoids have enabled the reconstruction of developmental tra-
jectories and the identification of diverse neural and glial populations12,378,393–395. Neural
organoids have also been applied to investigate cell-cell interaction and signalling and
their downstream effects on cortical morphogenesis, regional patterning, cytoarchitecture
and function in both health and disease396–398.

Network formation and circuits. Calcium imaging, multi-electrode arrays and elec-
trophysiology have been used to characterise the emergence of spontaneous activity,
synaptic connectivity and functional network dynamics in neural organoids399,400. These
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studies have revealed oscillatory activity and coordinated firing patterns reminiscent of
early in vivo development13, and how they are altered in disease states such as Rett
syndrome401. Assembloid models have further enabled the study of long-range axonal
projections and interregional connectivity355, and the impact of disease357 and drug treat-
ments402 on circuit function.

Disease modelling

Disease modelling represents another major application of neural organoids, offering a
human-specific experimental system to investigate the aetiology and pathogenesis of a
wide range of neurological disorders403–405.

Neurodevelopmental disorders. Naturally, neural organoids have become a valuable
tool for studying neurodevelopmental disorders406,407. By using organoids derived from
patient-specific human iPSCs or genetically modified cell lines, researchers can investigate
how disease affects key developmental processes such as cell proliferation, differentiation
and cortical organisation. This approach has been applied to a variety of conditions, in-
cluding microcephaly7, autism spectrum disorder379,408, Miller-Dieker syndrome409, Tim-
othy syndrome357, Rett syndrome410, and different forms of epilepsy411.

Neurodegenerative diseases. Advances in long-term culture have enabled the use of
neural organoid systems to model late-onset neurodegenerative diseases, offering valu-
able insights into the cellular and molecular mechanisms underlying conditions such as
Alzheimer’s disease412, Parkinson’s disease380, Huntington’s disease413 and amyotrophic
lateral sclerosis414. These models enable the study of key pathological processes, such as
protein aggregation, neuronal loss, synaptic dysfunction and neuroinflammation, which
drive disease progression and are often difficult to capture using traditional models289,415.

Infectious diseases. Neural organoids have been applied to the study of neurotropic
infections416. During the Zika virus epidemic, organoid-based models played a signif-
icant role in uncovering how viral infection disrupts brain development, with infected
organoids exhibiting impaired neurogenesis, increased apoptosis of neural progenitors
and microcephaly-like phenotypes358,417–419. Similar approaches have been used to model
infections caused by viruses such as SARS-CoV-2420,421, cytomegalovirus422 and HSV-
1423, providing insights into viral entry, innate immune responses and tissue damage in
a human-specific context.

Cancer. In oncology, neural organoids serve as a valuable platform for modelling brain
cancers424. Organoids derived from patient tumours or engineered with oncogenic muta-
tions retain key histological and molecular features, providing insights into tumour ini-
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tiation, progression, heterogeneity, invasion, and interactions with the tumour microen-
vironment425–427. Glioblastoma is among the most extensively modelled brain cancers
using neural organoid systems428,429.

Drug discovery and toxicology

Neural organoids have emerged as promising platforms for preclinical drug screening and
toxicological testing, with the potential to reduce reliance on animal models and improve
translational success rates430,431.

Drug discovery. Neural organoids are widely used in drug discovery, offering a human-
relevant platform for evaluating pharmacological effects and screening therapeutic com-
pounds432–434. Organoid-based systems have been applied to test small molecules435,
biologics436 and gene therapies437 across a range of neurological conditions. In the con-
text of precision medicine, patient-derived organoids can serve as personalised avatars
to predict individual treatment responses and guide therapeutic decisions438–441. As the
field advances, organoids are being integrated into high-throughput screening pipelines
combined with technologies such as single-cell transcriptomics, automated imaging and
machine learning, with the aim of establishing them as robust tools for preclinical drug
development442–445.

Toxicology. Neural organoids provide a physiologically relevant, human-specific model
for neurotoxicity testing, regulatory toxicology and safety pharmacology, enabling the
evaluation of on-target and off-target effects of environmental toxins, pharmaceuticals and
industrial chemicals on neural development and function446,447. For example, organoid-
based assays have been used to investigate the effects of heavy metals448, pesticides449,
alcohol450, microplastics451 and recreational and prescription drugs402,452,453, allowing de-
tection of subtle disruptions in neural progenitor proliferation, differentiation, migration
and synaptic activity.

2.2.5 Organoid imaging and analysis
A critical aspect of working with organoids is the ability to visualise and characterise
them. Many of the applications described in Section 2.2.4 rely on effective imaging and
analysis techniques, which are essential for interrogating morphogenesis, tissue structure
and spatial organisation, disease states and drug responses. Note that imaging in 3D
organoid systems is inherently more challenging than in conventional 2D cell monolayers,
due to increased optical scattering, structural complexity and sample thickness.
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This section outlines key categories of microscopy and profiling techniques used in organoid
research, focusing on morphological analysis. Each method is briefly introduced, along
with its advantages and limitations in the context of (neural) organoid imaging and anal-
ysis.

Brightfield microscopy

Brightfield (BF) microscopy is one of the most fundamental and widely used imaging
modalities in biological research454. This technique relies on the transmission of white
light through a specimen, with image contrast arising from differences in light absorption,
scattering and refractive index, typically associated with variations in sample thickness
and density. This enables label-free visualisation of general structure and morphology,
making BF microscopy a simple, fast, cost-effective and non-invasive technique, particu-
larly well-suited for high-throughput imaging workflows and live imaging applications.

BF microscopy is a valuable tool in organoid research for assessing major morphological
features such as overall shape, size and symmetry. In neural organoids, for example, it
can capture important developmental features, such as neuroepithelial expansion, cyst
formation and the emergence of neural tube-like structures. As an imaging technique, it
has been widely applied across a variety of spheroid and organoid models to monitor mor-
phogenesis455, assess culture quality456, and evaluate disease phenotypes7,457 or responses
to drug treatments458,459. Given its non-invasiveness and scalability, BF microscopy is
a promising tool for high-throughput, real-time analysis of live organoids in large-scale
longitudinal studies and drug screening platforms.

In recent years, the integration of machine learning with BF microscopy has gained
traction, enabling scalable, automated organoid tracking, segmentation, phenotyping and
morphological quantification,460–463. To facilitate the development and benchmarking of
such methods, Schröter et al. have recently released a dataset containing 1400 BF images
of neural organoids derived from iPSCs from healthy and diseased patients464.

Limitations. Despite its utility, BF microscopy has several key limitations. Relying
on transmitted light alone, it lacks molecular specificity and provides limited contrast,
particularly in transparent samples with subtle optical differences like cells and tissues.
While it enables visualisation of general outlines and gross morphology, it is challenging
to resolve fine structural features such as individual cells or subcellular organelles within
multicellular cultures using BF microscopy. Moreover, due to reduced recovery of trans-
mitted light with increasing tissue thickness, brightfield microscopy is largely restricted
to surface or near-surface imaging, limiting access to internal structures in complex 3D
tissues such as organoids.
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While more advanced techniques, such as phase contrast microscopy, differential inter-
ference contrast (DIC) microscopy and quantitative phase imaging (QPI), have been
developed and offer important improvements, many of the core limitations of the afore-
mentioned limitations remain.

Fluorescence microscopy

To enhance molecular contrast and specificity, fluorescence microscopy (FM) tech-
niques have been developed and have become essential tools for the analysis of 2D and
3D cellular models465–468. These approaches utilise fluorescent molecules, known as fluo-
rophores, to selectively label cellular components of interest. Upon excitation by light of a
specific wavelength, these fluorophores emit fluorescence at a longer emission wavelength,
enabling the visualisation of target structures with high sensitivity and specificity.

Several labelling strategies exist, each relying on different types of fluorophores and
offering unique advantages depending on the biological question and sample prepara-
tion3,469,470. One of the simplest methods involves fluorescent dyes. These are small
molecules that can permeate cells or tissues and bind to specific cellular components,
and can be applied to both live and fixed samples. Common examples in cellular biol-
ogy include DAPI, a DNA-binding dye primarily used to stain cell nuclei, and lipophilic
dyes such as DiO, which label cellular membranes471. Another widely used technique is
immunofluorescence (IF) staining, which employs fluorophore-conjugated antibod-
ies designed to bind specific target molecules with higher specificity472. However, this
approach typically requires chemical fixation and permeabilisation of cell membranes to
enable antibody penetration, making it generally incompatible with live-cell imaging.
Genetically encoded fluorescent proteins, such as green fluorescent protein (GFP)
and its derivatives, are also widely employed in live-cell imaging473. These fluorescent
tags are genetically fused to proteins of interest and expressed during cell development
or differentiation, enabling real-time monitoring of protein dynamics, localisation and
interactions within living cells.

Fluorescence microscopy has been instrumental in advancing neural organoid research474,475.
IF staining combined with FM on fixed, cryosectioned samples remains a gold-standard
technique for characterising morphological features, tissue architecture, cell identity, layer
organisation, polarity and differentiation states within organoids. Emerging techniques
for high-throughput cryoprocessing and tissue analysis have further extended this ap-
proach, enabling more efficient analysis of spatiotemporal changes in neural marker ex-
pression during early neurodevelopment476. Advances in optical clearing techniques have
enabled volumetric 3D imaging of whole organoids, allowing the imaging and assess-
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ment of internal structures in intact samples477. Beyond standard widefield and confocal
modalities, light-sheet fluorescence microscopy has gained traction, enabling high-speed,
volumetric 3D imaging of intact neural organoids with micron-scale resolution478,479. Live
imaging capabilities are also expanding, with light-sheet and other high-speed volumetric
microscopy techniques being used to monitor long-term morphodynamics and neuronal
development in live organoids480–483.

Limitations. Despite its strengths, fluorescence microscopy has several inherent limita-
tions. First, while protein labelling is generally well-established, detecting other biomolec-
ular classes, such as carbohydrates, lipids and various small molecules (e.g. drugs and
metabolites), often requires more specialised probes or labelling strategies, or is not pos-
sible altogether. Additionally, IF staining involves multiple washing and permeabilisation
steps, which can disrupt cellular architecture and compromise membrane integrity, po-
tentially leading to artefactual results484. These steps may also displace small molecules
such as drugs, metabolites and other transient compounds, obscuring their true spatial
localisation in situ within cells and tissues. While other labelling strategies, such as flu-
orescent protein tagging, genetic modifications and dye-based staining, may help avoid
these washing steps, they remain label-based (i.e. targets must be known and available),
and issues with labelling non-proteins persist. Furthermore, regardless of the labelling
strategy, the intrinsic spectral overlap of fluorescent markers constrains multiplexing, typ-
ically to four targets in standard fluorescence microscopy485, or seven in more advanced
techniques486,487. Moreover, genetic modifications used in live-cell imaging to express
fluorescent protein reporters can be costly, time-consuming, and may induce poorly un-
derstood side effects, such as protein aggregation or disruption of ion transport dynamics.

While advanced techniques such as total internal reflection488, light-sheet489, two-photon
excitation490 and super-resolution491 fluorescence microscopy address some of these chal-
lenges – offering improved resolution, greater imaging depth and reduced phototoxicity
– they require specialised equipment, complex sample preparation and increased costs.
Moreover, the fundamental limitations of fluorescence labelling described above remain.

Other analysis techniques

In addition to brightfield and fluorescence microscopy, a range of other analytical tech-
niques are also widely used in tissue analysis, depending on the research context. The
most representative methods are briefly outlined below.

Hematoxylin and Eosin (H&E) staining. H&E staining is a routine method in
histopathology for assessing tissue morphology492. By differentially staining nuclei and
cytoplasm, it enables evaluation of overall architecture and cellular organisation. In
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neural organoids, H&E staining has been used to assess processes such as tissue morpho-
genesis493, protein aggregation in models of neurodegeneration494, viral infections495 and
tumour formation425. However, this technique is destructive, limited to endpoint analysis
and lacks chemical specificity beyond general histological features.

Immunohistochemistry (IHC). IHC is an antibody-based method for tissue imaging,
closely related to IF and FM. Depending on the readout, it can use chromogenic substrates
(as in classical histopathology) or fluorescent labels (as in immunofluorescence), enabling
highly specific detection of proteins and molecular markers within tissue sections1. In
organoid research, IHC is commonly applied to fixed sections to validate structural and
molecular features, but it remains invasive, requires fixation and sectioning, and is thus
limited to endpoint analysis.

Bulk and single-cell omics (e.g. transcriptomics, proteomics, metabolomics).
Bulk omics represent a category of techniques based on high-throughput molecular pro-
filing, where RNA, proteins or metabolites are quantified across entire samples6. More
recently, these methods have been extended to the single-cell level, probing molecular
environments within individual cells496. These approaches provide rich biochemical pro-
files of global molecular states and responses, offering insights into pathways and cellular
composition at the population level. In the context of neural organoids, an integrated
single-cell transcriptomic cell atlas of human neural organoids has been recently devel-
oped, comprising data from more than 1.7 million cells497. Despite their strengths, omics
approaches are inherently destructive, lack spatial resolution, and cannot directly image
chemical morphology within tissues.

Spatial omics (e.g. spatial transcriptomics). Spatial omics extend bulk profil-
ing by preserving positional information, for instance using spatially resolved capture or
molecular tagging strategies4,5. In this way, molecular maps are reconstructed across tis-
sue sections that capture aspects of both chemical and structural organisation, and link
molecular states to spatial context. In neural organoids, spatial transcriptomics has been
used to study mechanisms underlying processes such as morphogenesis392, cell lineage394

and patterning498. Nonetheless, spatial omics methods remain limited in spatial resolu-
tion compared to microscopy, and are destructive, costly and technically demanding.

Others. Other techniques, including electron microscopy (for ultrastructural detail)499

and mass spectrometry imaging (for spatial metabolomics)500, have also been applied
to tissues, including neural organoids501,502. Each of these methods provides unique
insights into structural or molecular features, but they are generally invasive, technically
demanding, and limited in throughput, restricting their routine use.
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Overall, while these techniques provide valuable insights, they are often destructive, re-
quire complex and costly preparation, and offer limited spatial or chemical resolution.
Hence, in practice, brightfield and fluorescence microscopy remain the most widely used
methods for general structural and molecular characterisation in cell biology and organoid
research.

Toward Raman imaging in neural organoids

While brightfield and fluorescence microscopy provide valuable spatial and morphological
insights, BF reveals little about molecular and functional states, and FM is invasive
and requires labelling. These limitations highlight the need for non-invasive, label-free
imaging methods that can probe the composition of intact 3D organoid systems in situ.
In this context, RS offers a promising alternative, enabling biochemical imaging without
fluorescent labels, stains or extensive sample preparation (Table 2.1).

In neurodevelopment, RS has been applied to profile neural cells at various stages of
differentiation. Yet, most studies to date have focused on 2D cultures of individual cell
types with RS measurements acquired at a single-cell level – e.g. distinguishing neural
stem cells from neurons by identifying distinct cell-specific spectral signatures503–507. The
application of RS to complex 3D cultured tissues containing multiple cell types, such
as neural organoids, remains challenging due to their high biochemical heterogeneity,
which hinders signal unmixing and interpretation. Recently, Bruno et al. explored the
use of supervised ML to classify RS spectra from cortical organoids at four predefined
maturation time points (weeks 6, 12, 16 and 20)508. However, their approach focused on
single-point prediction and did not explore the 3D architecture, cellular interactions and
functional complexity intrinsic to neurodevelopment. So far, the use of RS for spatially
resolved analysis of neural organoid structure and maturation remains unexplored.

LaLone et al. recently reported a technique based on RS for 3D biochemical imaging and
drug distribution analysis in liver organoids90. The proposed methodology relied on the
acquisition of ‘tissue phantoms’ – i.e. calibrated reference spectra from biomolecules of
interest, which were used to guide the estimation of chemical concentration maps across
the scanned area using ordinary least squares with non-negativity constraint192. This
enabled the detection and visualisation of key biomolecules and drugs in situ in whole
liver organoids. Nonetheless, the approach has two limitations. First, it assumes that
target biomolecules are known, thereby restricting potential applications and undermining
the label-free capabilities of RS. Second, the performance and robustness of ordinary least
squares for chemical estimation can be compromised by complex mixtures, experimental
noise and artefacts, and variations introduced during data calibration and preprocessing,
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leading to inaccurate qualitative and quantitative analysis.

Further advances in software, data processing and chemometrics are essential to
establishing Raman spectroscopy as an analytical tool for non-invasive, label-free
imaging and analysis in organoid research.
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Chapter 3

RamanSPy: An open-source Python package for
integrative Raman spectroscopy data analysis

This chapter is based on the following peer-reviewed manuscript:

Georgiev, D., Pedersen, S. V., Xie, R., Fernández-Galiana, Á., Stevens, M. M., &
Barahona, M. (2024). RamanSPy: An open-source Python package for integrative
Raman spectroscopy data analysis. Analytical Chemistry, 96(21), 8492-8500.

Published by American Chemical Society under the CC BY 4.0 license.
© 2024 The Authors.

Author contributions. I conceived and led the project, and developed the soft-
ware, analysis pipelines and supporting tools, including the accompanying docu-
mentation website. I performed all experiments and data analyses, making use
of previously published datasets. My co-authors – Dr Simon Vilms Pedersen, Dr
Ruoxiao Xie, Dr Álvaro Fernández-Galiana, Prof. Dame Molly Stevens and Prof.
Mauricio Barahona – contributed to supervision, conceptualisation, experimental
design and interpretation of results. I wrote the initial draft of the manuscript and
revised it with input from all co-authors.

3.1 Introduction
As discussed in Section 2.1.4, RS data analysis remains fragmented, with workflows scat-
tered across proprietary environments, in-house scripts and ad hoc pipelines. The lack of
integrated software tools, interoperability and standardised formats has led to method-
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ological inconsistencies, reduced reproducibility and slowed the adoption of emerging
computational approaches in RS.

These limitations have not only presented broader challenges for the field but also directly
impacted the present work and the efforts to advance organoid imaging with RS. They
hindered the construction of preprocessing pipelines capable of handling the abundant
artefacts in spectra from 3D organoid samples, complicated the integration of imaging
data across experiments, and constrained the development of new methods for more
accurate chemical analysis.

In response to these challenges, this chapter presents RamanSPy – a modular, open-
source framework for integrated Raman Spectroscopy analytics in Python. RamanSPy
is designed to systematise day-to-day workflows, enhance algorithmic development, in-
tegration and reproducibility, and accelerate the adoption of novel AI technologies into
the RS field. First, RamanSPy serves as a platform for general-purpose RS analytics
supporting the RS data life cycle by providing a suite of ready-to-use modules for data
loading, preprocessing, analysis and visualisation. By design, these functionalities are not
tied to any specific technology or data type, thereby allowing integrative and transferable
cross-platform analyses. Second, RamanSPy addresses challenges in data preprocess-
ing by facilitating the compilation of reproducible pipelines to streamline and automate
preprocessing protocols. Third, RamanSPy helps bridge the gap between RS data and
state-of-the-art AI technologies within the extensive ML ecosystem in Python. This is
further complemented by direct access to relevant datasets, preprocessing protocols and
performance metrics.

3.2 RamanSPy – a platform for general Raman spec-
troscopy analytics

3.2.1 Core features of RamanSPy
RamanSPy is based on a modular, object-oriented programming (OOP) infrastructure
comprising a comprehensive collection of built-in tools for RS data analysis, which stream-
lines the analysis life cycle and reduces computational barriers to standard analyses
(Figure 3.1). The framework adopts a scalable array-based data representation that
accommodates different spectroscopic modalities, including single-point spectra, Raman
imaging data and volumetric scans. Experimental data can be loaded through custom
loaders built into RamanSPy or through standard tools available in Python. The data
representation functions as a common data container that defines the interface between
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Figure 3.1: General Raman spectroscopy workflow and core features of RamanSPy. A,
RamanSPy supports the RS data analysis life cycle via a modular, loosely coupled architecture. RS
data is parsed to a common data representation format, which is interfaced with preprocessing, analysis
and visualisation tools within RamanSPy. The core features of RamanSPy include a comprehensive
library of standardised, simple-to-use procedures for data loading, preprocessing, analysis and visual-
isation. These modules are flexible and allow for the incorporation of new techniques and in-house
methods. For complete information about the modules available in RamanSPy, refer to the documenta-
tion at https://ramanspy.readthedocs.io. B, An example workflow use case in RamanSPy: Raman
data is loaded, preprocessed and analysed in a few lines of code. Created in BioRender.com. Repro-
duced from Georgiev et al. 509 , published by American Chemical Society, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

RS data management and manipulation within RamanSPy, facilitating the integrative
analysis of data across setups and vendors when appropriate (e.g. measurements from
patient samples acquired by different laboratories), independent of instrumental origin
and acquisition modality.

On top of that, RamanSPy provides an extensive toolbox for preprocessing, analysis and
visualisation. The preprocessing suite includes techniques for spectral cropping, cosmic
spike removal, denoising, baseline correction, normalisation, and background subtrac-
tion, among others. Likewise, the analysis toolbox includes modules for decomposition
(useful for dimensionality reduction), clustering and spectral unmixing. RamanSPy also
includes a set of data visualisation tools, intended to facilitate routine visualisation and
exploratory analysis. All these modules are organised into a common class structure,
which standardises their application across projects and datasets to facilitate transfer-
able analysis workflows. Note that this suite is highly flexible and designed to cater to a
wide range of requirements, applications and user profiles. On the one hand, RamanSPy
enables the compilation of different workflows by using built-in tools as “building blocks”
to streamline repetitive tasks and routine analyses. On the other hand, the package also
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retains the flexibility to develop and integrate custom methods as new “blocks” within
the package for more advanced applications.

An extended list of the features implemented in RamanSPy is provided in Table B.1 in
Appendix B.1.

3.2.2 Raman cell imaging via hyperspectral unmixing using Ra-
manSPy

The core features of RamanSPy are showcased through a real research application. Specif-
ically, using RamanSPy, the spectral unmixing analysis by Kallepitis et al.74 was repli-
cated, where volumetric Raman imaging scans of human leukaemia monocytic (THP-1)
cells were collected and analysed using methods from chemometrics to investigate their
composition in a label-free manner. For this demonstration, the first scan (scan ’001’)
was used, which was exported as MATLAB files from the WITec Project FIVE software
and loaded into RamanSPy using built-in data loaders (Figure 3.2A).

After loading, data were preprocessed using a protocol consisting of: (1) spectral cropping
to the 700–1800cm−1 region; (2) cosmic rays removal with the algorithm proposed by
Whitaker and Hayes159, with a kernel size m = 3 and z-value threshold τ = 8; (3)
denoising with a Savitzky-Golay filter161 of polynomial order 3 and kernel size 7; (4)
baseline correction with asymmetric least squares165 with λ = 106; and (5) global Min-
Max normalisation to the interval [0, 1]. Using the visualisation tools in the package,
data quality was inspected (Figure 3.2B) and initial exploratory analysis was performed
by examining intensity profiles across prominent wavenumber bands (Figure 3.2C).

After preprocessing, spectral unmixing was applied in RamanSPy using (i) N-FINDR234

for endmember detection (number of endmembers set to 5) and (ii) FCLS236 for compo-
nent quantification. This process was exploited to demix signal contributions from dif-
ferent cellular components and study their morphological organisation within the THP-1
cell. Following the peak assignment and characterisation in the original paper, endmem-
ber components related to cytoplasm (band 1008 cm−1), nucleic acid (band 789 cm−1),
lipids (bands 1066, 1134, 1303, 1443, and 1747 cm−1), and the background (Figure 3.2E)
were distinguished. Finally, abundance reconstructions based on the selected four end-
members were produced with RamanSPy, which were examined on a single-layer level
and across the entire volume to localise cellular organelles within the cell (Figures 3.2D
and 3.2F, respectively).
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Figure 3.2: Morphological analysis of a THP-1 cell via spectral unmixing with RamanSPy.
A, Brightfield image of a THP-1 cell. The same cell was also volumetrically imaged by RS. Brightfield
image and raw RS data are from a previous work by Kallepitis et al. 74 . B, An example spectrum from
the raw volumetric Raman data (taken from the centre region of the layer in D). The fingerprint region
(700–1800 cm−1), shaded in red, was used for the analysis. C, Exploratory analysis: a volumetric slice
across the 1008 cm−1 band (characteristic of proteins) after preprocessing. D–F, Spectral unmixing
analysis reveals the distribution of components within the cell: lipids (violet), nucleus (blue), cytoplasm
(green), and background (yellow). D, Merged reconstruction of the sixth depth layer (10 in total) of
the THP-1 cell determined via spectral unmixing. E, Four endmembers derived with N-FINDR234

characterised via peak assignment. F, Fractional abundance maps calculated with FCLS236 – top,
single slice (z = 6); bottom, entire volume. Peak assignments follow Kallepitis et al. 74 . Assembled in
BioRender.com. Reproduced from Georgiev et al. 509 , published by American Chemical Society, under
the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

3.3 RamanSPy enables automated pipelining of spectral
preprocessing protocols
As highlighted in Section 2.1.4, experimental RS data are susceptible to various sources of
non-specific signals and artefacts (e.g. cosmic rays, autofluorescence background, noise,
variability in instrumentation), which can severely affect downstream analyses. Prepro-
cessing is therefore a critical step in any spectroscopic analysis workflow41,154. Yet, due
to a lack of standardisation and frameworks that streamline the preprocessing of RS
data40, researchers tend to utilise variable preprocessing protocols, often dispersed across
different software systems, thus affecting reproducibility and validation510,511.
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Figure 3.3: Spectral preprocessing pipelining in RamanSPy. A, RamanSPy automates the con-
struction, customisation and execution of multilayered preprocessing procedures via pipelining. Users
can assemble built-in and in-house methods into complete preprocessing pipelines, which are fully com-
patible with data integrated within RamanSPy and can be saved, reused and shared. RamanSPy also
provides access to a library of preprocessing pipelines. B, Two raw spectra from the THP-1 data by
Kallepitis et al. 74 are used to compare the effect of different preprocessing pipelines. C, The results
of three preprocessing pipelines built within RamanSPy, demonstrating the need for transparency and
reproducibility. Note on preprocessing methods: fingerprint region is 700–1800 cm−1; ASLS – asym-
metric least squares165; asPLS – adaptive smoothness penalised least squares512; AUC – area under
the curve; cosmic rays removed with the algorithm by Whitaker and Hayes 159 . Created/assembled in
BioRender.com. Reproduced from Georgiev et al. 509 , published by American Chemical Society, under
the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

3.3.1 Preprocessing pipelining in RamanSPy
To facilitate the creation of reproducible protocols, RamanSPy incorporates a pipelin-
ing infrastructure, which systematises the process of creating, customising and executing
preprocessing pipelines (Figure 3.3A). Users can use a specialised class, which defines a
generic, multilayered preprocessing procedure, to assemble pipelines from selected built-in
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preprocessing modules or other in-house methods. To reduce overhead, the constructed
pipelines are designed to function exactly as any single method; i.e. they are fully com-
patible with the rest of the modules and data structures in the package. Furthermore,
pipelines can be easily saved, reused and shared (e.g. upon publication) to foster the
development of a repository of preprocessing protocols. As a seed to this repository, Ra-
manSPy provides a library of assembled preprocessing protocols (custom predefined, or
adapted from the literature513), which users can access and exploit.

3.3.2 Pipelining illustration
To illustrate the pipelining functionalities of RamanSPy, three representative prepro-
cessing protocols were constructed. Within RamanSPy, this entails compiling selected
methods in the desired order of execution and applying them out of the box to data loaded
into the platform. The three pipelines were used to preprocess Raman cell imaging data
from Kallepitis et al. 74 (Figure 3.3B). Note how the three pipelines yield substantially
different results (Figure 3.3C), reinforcing the importance of transparency and repro-
ducibility in the selection of preprocessing protocols. These three pipelines were added
to the repository of protocols in RamanSPy.

3.3.3 Computational efficiency
As an indication of the computational efficiency of RamanSPy for such preprocessing
tasks, the computational efficiency of a representative preprocessing protocol (Pipeline I )
was profiled on a standard laptop (MacBook Air laptop with Apple M2 chip, 8-core CPU,
10-core GPU, and 16-core Neural Engine). As shown in Figure 3.3C, Pipeline I consisted
of: (1) spectral cropping to the 700–1800cm−1 region; (2) cosmic rays removal with the
algorithm proposed by Whitaker and Hayes 159 ; (3) denoising with a Gaussian filter; (4)
baseline correction with asymmetric least squares165; and (5) pixel-wise normalisation
based on setting the area under the curve to 1.

The pipeline was applied to synthetic data of three sizes: 1000, 10000 and 100000 spectra,
where each spectrum was generated by sampling 1500 values from a uniform distribution
over [0, 1). The experiments showed that it takes ∼0.25 seconds to preprocess 1000
spectra with this protocol; ∼2.5 seconds for 10000 spectra; and ∼20–25 seconds for
100000 spectra.

77



3.4 RamanSPy facilitates AI integration and validation
of next-generation Raman data analytics
To help accelerate the adoption of AI technologies for RS analysis, RamanSPy is endowed
with a permeable architecture that streamlines the interface between RS data and the
burgeoning ML ecosystem in Python. This is complemented by access to built-in datasets
and performance metrics to further support the development and testing of new models
and algorithms. Below, two examples of RamanSPy’s capabilities for ML integration and
validation are discussed.

3.4.1 AI integration: Deep learning denoising
First, RamanSPy allows the seamless integration of standard Python AI/ML methods
(e.g. from scikit-learn 514, PyTorch 515 and tensorflow 516) as tools for RS analysis (Fig-
ure 3.4A).

As an illustration of how custom methods can be integrated into analysis pipelines within
RamanSPy, the package was used to construct a deep-learning denoiser based on the one-
dimensional ResUNet model – a fully convolutional UNet neural network with residual
connections – developed by Horgan et al. 209 . To do this, the pre-trained neural network
(trained on spectra from MDA-MB-231 breast cancer cells) was simply wrapped within
RamanSPy as a custom denoising method. Once wrapped, the denoiser is automati-
cally compatible with the rest of RamanSPy and can be readily employed for different
applications. For instance, the analysis by Horgan et al. 209 was replicated, showing in
Figure 3.4B that the application of this deep-learning denoiser to the low SNR test set
provided by the authors consistently outperforms the commonly used Savitzky-Golay fil-
ter161. This is quantified by various metrics also coded within RamanSPy (e.g. mean
squared error (MSE), spectral angle distance (SAD)517 and spectral information diver-
gence (SID)518), which measured the performance of each denoising method by comparing
denoised signals against the provided high SNR data, which acted as a reference.

Importantly, applying this pipeline to new data involves changing only the data source.
Taking advantage of this transferability, the denoiser was tested on unseen volumetric
Raman data from another cell line (THP-1, data by Kallepitis et al. 74), degraded with
added Gaussian noise. The denoising analysis was performed on the middle depth layer
of the volumetric scan (fifth layer out of 10). This layer consisted of a 40 × 40 image
scan, i.e. 1600 spectra. To be consistent with the paper by Horgan et al. 209 , the same
preprocessing protocol was applied. Namely, the WITec Project FIVE software was
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Figure 3.4: RamanSPy interfaces with AI/ML Python frameworks to create new methods
for RS analysis. A, RamanSPy allows users to incorporate AI/ML models seamlessly into pipelines
created within the platform. B, A pre-trained 1D ResUNet deep-learning denoiser from a previous
work by Horgan et al. 209 is integrated as a preprocessing module within RamanSPy to investigate its
performance against the Savitzky-Golay (SG) filter161. Top, Denoising of a spectrum from cell data
by Horgan et al. 209 , where the low-SNR (purple) is the input and the high-SNR (green) is the target.
The data is denoised with an SG filter of polynomial order 3 and kernel size 9, SG(3, 9) (blue), and
with the implemented deep-learning denoiser (yellow). Bottom, The results on the test set provided by
Horgan et al. 209 (n = 12694) show that the deep-learning denoiser outperforms six SG filters across three
performance metrics (MSE, SAD, SID). C, Analysis on unseen data by Kallepitis et al. 74 (n = 1600). The
input (purple) corresponds to data contaminated with added noise and the target (green) corresponds
to the original data. In this case, the deep-learning denoiser only shows an improvement for MSE.
Error bars represent one standard deviation of the sample mean. Statistical significance measured with
a two-sided Wilcoxon signed-rank test with adjustment for multiple comparisons based on Benjamini-
Hochberg correction519 (* P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001). Created/assembled
in BioRender.com. Reproduced from Georgiev et al. 509 , published by American Chemical Society, under
the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

used to crop the data to the region 500–1800cm−1, followed by baseline correction using
the “shape” method with α = 500. To assess the performance of the deep-learning
denoiser, low SNR spectra were created by adding Gaussian noise to the original spectra
by Kallepitis et al. 74 . Each spectrum was Min-Max-normalised to the range 0–1, and
Gaussian noise with a standard deviation σ = 0.15 was added. This resulted in spectra
of similar noise levels to those in the data by Horgan et al. 209 . These noisy samples were
used as the input to the model, and the uncontaminated data were taken as ground-truth
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targets. The performance of the neural network denoiser was benchmarked against six
Savitzky-Golay filters161. To make all models comparable, and to correct for potential
artefacts of how the model was trained originally in the paper by Horgan et al. 209 , all
denoising metrics were computed after Min-Max-normalisation of the denoised outputs
of each denoiser to the range 0–1 again.

For these data, Figure 3.4C shows improved denoising performance according to the MSE
metric, which is dependent on normalisation and scale, but with lower significance ac-
cording to scale-invariant metrics, also available in RamanSPy. This example emphasises
the sensitivity of algorithms to data shifts∗ and the importance of incorporating robust
validation criteria based on the unique requirements of each application. The collection
of metrics that RamanSPy provides is intended to serve as a starting resource to test
performance according to different objectives. It should be noted that this denoiser was
used solely to exemplify the integration and testing capabilities of RamanSPy, and was
not included as a built-in denoiser in the package.

3.4.2 AI interoperability: Deep learning bacteria classification
Second, the data management backbone of RamanSPy ensures a direct data flow to
the rest of the Python ecosystem, i.e. data can be loaded, preprocessed and analysed
in RamanSPy and then exported to conduct further modelling and analysis elsewhere
(Figure 3.5A).

As an example application, AI-based bacteria identification was performed using Raman
measurements from 30 bacterial and yeast isolates from a previous study by Ho et al. 100 .
After loading and visualising the spectra with RamanSPy, shown in Figure 3.5B, the data
were interfaced with the lazypredict Python package520, which directly benchmarked 28
ML classification models in Python (including logistic regression, support vector machines
and decision trees) on the task of predicting the bacterial species from a given spectrum.
The models were first trained on the fine-tuning dataset (100 spectra per isolate) and then
tested on the unseen test set of the same size. The benchmarking analysis in Figure 3.5C
finds logistic regression as the best-performing model, achieving a classification accuracy
of 79.63% on the species-level classification task (Figure 3.5D) and 94.63% for antibiotic
treatment classification (Figure 3.5E).

∗Here, “data shift” refers to a change in the statistical distribution between training and test datasets,
not to a spectral (Raman) shift.
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Figure 3.5: RamanSPy as a suite for algorithmic development. A, Data representations in
RamanSPy are compatible with the Python AI/ML ecosystem, allowing data flow from RamanSPy to
frameworks such as scikit-learn 514, PyTorch 515 and tensorflow 516. RamanSPy is also equipped with
standard datasets and relevant metrics to support model development and validation. B–E Benchmark-
ing ML classification models on the task of bacteria identification using Raman spectra by Ho et al.100.
B, Mean Raman spectra of each bacterial species in the dataset used for training. Spectra are MinMmax
normalised to the range 0–1 for visualisation purposes. C, Benchmarking results of 28 ML models. The
best accuracy was achieved using the logistic regression classifier. D–E, Confusion matrices for the best
species-level (D) and antibiotic-level (E) classifier with accuracies of 79.63% and 94.63%, respectively.
Created/assembled in BioRender.com. Reproduced from Georgiev et al. 509 , published by American
Chemical Society, under the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024
The Authors.
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3.4.3 Dataset suite
To further assist the process of testing and evaluating new computational approaches,
RamanSPy provides access to a library of curated datasets for different tasks (e.g. classi-
fication, denoising, Raman imaging). This library aims to seed the growth of a common
repository of RS datasets that helps reduce barriers to data access, especially for ML
teams with limited access to RS instruments195. The dataset library in RamanSPy al-
ready includes data loaders for Raman data from bacterial species100, cell lines74,209,
COVID-19 samples521,522, adenine samples523, wheat lines524, and minerals525, and will
continue to be expanded. Recognising the potential benefits that synthetic and surrogate
datasets can provide for the generation of controlled ground truths for algorithmic vali-
dation, the synthetic Raman data generator described in Chapter 4 was also integrated
in RamanSPy.

3.5 Conclusion
This chapter introduced RamanSPy – a computational framework for integrative RS data
analysis, aimed at overcoming some of the limitations of currently available commercial
software tools in terms of accessibility, flexibility, reproducibility and advanced data anal-
ysis capabilities. RamanSPy offers a comprehensive collection of tools for spectroscopic
analysis designed to systematise the RS data analysis life cycle, reducing typical over-
heads of analysis workflows and improving methodological standardisation. The package
also lays the foundations of a common repository of standardised methods, protocols and
datasets, which users can readily access and exploit. Furthermore, RamanSPy is fully
compatible with frameworks for data science and ML in Python, thereby facilitating the
adoption and validation of advanced AI technologies for next-generation RS analysis.

RamanSPy is fully open-source and disseminated under a permissive license that allows
for unrestricted use, adaptation and extension, including commercial purposes. This will
be critical for the continuous development of the platform and its adoption across different
scientific domains, including biomedical research, chemistry, and materials science, among
others.

Data availability
All data used in this chapter are previously published open-access data that have been
deposited by the respective authors online. Instructions on how to access, download
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and load the datasets provided in RamanSPy are available in the documentation at
https://ramanspy.readthedocs.io/en/latest/datasets.html.

Code availability
The codebase of RamanSPy is open-source and hosted on GitHub at https://github.
com/barahona-research-group/RamanSPy. The package can be installed via pip us-
ing ’pip install ramanspy’. Documentation, including detailed tutorials and examples,
is available at https://ramanspy.readthedocs.io. The scripts used to produce the
analysis results presented in this paper are also provided as executable Jupyter Note-
book examples at https://github.com/barahona-research-group/RamanSPy/tree/
3dd2c1e09420c5ac473a72ebd6ed06a91c30a85c/paper_reproducibility and as part
of the documentation of RamanSPy at https://ramanspy.readthedocs.io/en/latest/
auto_examples/index.html.

More information about how to install and use RamanSPy is provided in Appendix B.2.
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Chapter 4

Hyperspectral unmixing for Raman spectroscopy
via physics-constrained autoencoders

This chapter is based on the following peer-reviewed manuscript:

Georgiev, D., Fernández-Galiana, Á., Vilms Pedersen, S., Papadopoulos, G., Xie, R.,
Stevens, M. M., & Barahona, M. (2024). Hyperspectral unmixing for Raman spec-
troscopy via physics-constrained autoencoders. Proceedings of the National Academy
of Sciences, 121(45), e2407439121.

Published by PNAS under the CC BY 4.0 license. © 2024 The Authors.

Author contributions. I conceived and led the project, and developed the soft-
ware, analysis pipelines and supporting tools. I performed all experiments and
data analyses, using benchmark datasets created by me (synthetic mixtures), Dr
Álvaro Fernández-Galiana and Georgios Papadopoulos (sugar mixtures), as well as
using previously published data (cell imaging). Co-authors – Dr Álvaro Fernández-
Galiana, Dr Simon Vilms Pedersen, Dr Ruoxiao Xie, Prof. Dame Molly Stevens
and Prof. Mauricio Barahona – contributed to supervision, conceptualisation, ex-
perimental design and interpretation of results. I wrote the initial draft of the
manuscript and revised it with input from all co-authors.

4.1 Introduction
Building on the software infrastructure introduced in Chapter 3, this chapter turns to the
next key challenge in applying RS to neural organoids, which lies in the inherent complex-
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ity of analysing and interpreting Raman data from heterogeneous biological systems such
as cells, tissues and organoids. As discussed in Section 2.1.5, conventional chemometric
techniques often fail to extract accurate qualitative and quantitative chemical informa-
tion from the noisy and convoluted measurements typical of such samples. While deep
learning has emerged as a promising alternative for RS chemometrics, most existing ap-
proaches remain limited to constrained, supervised tasks and are thus not well-suited to
biological contexts where ground truth is rarely available.

Section 2.1.5 presented hyperspectral unmixing as a powerful framework for unsuper-
vised chemical analysis, aimed at decomposing mixed spectra by identifying the indi-
vidual components present (endmember identification) and quantifying their proportions
(abundance estimation) (Figure 4.1A). Yet, as detailed in the section, standard unmixing
algorithms, such as N-FINDR, VCA, NNLS and FCLS, also face significant limitations.
Specifically, these methods are restricted to linear mixing; lack robustness to data arte-
facts abundant in RS data (e.g. dark noise, baseline variations, cosmic spikes); rely on
additional assumptions (e.g. endmembers present as ‘pure pixels’ in the data); and are
computationally demanding for large datasets (e.g. imaging and volumetric Raman raster
scans).

To address these issues, this chapter presents a framework for Raman unmixing based on
autoencoder (AE) neural networks. Leveraging the proposed approach, a suite of AE ar-
chitectures for hyperspectral unmixing is developed and systematically evaluated against
conventional unmixing methods, using synthetic and experimental benchmark datasets
generated as part of this chapter. The results demonstrate that unmixing AEs offer
improved accuracy, robustness and efficiency compared to standard unmixing methods.
Furthermore, the applicability of autoencoders to complex biological settings is explored,
achieving enhanced volumetric Raman imaging of a monocytic cell.

4.2 Raman unmixing with autoencoder neural networks

4.2.1 Unmixing autoencoders
Section 2.1.5 introduced how the problem of hyperspectral unmixing can be formulated
as an autoencoder learning problem. Again, autoencoders are a family of (deep) neural
network models consisting of two sub-networks (encoder and decoder) connected sequen-
tially246. The encoder E : Rb → Rm, where m ≪ b, transforms input data x to a
lower-dimensional latent space representation z = E(x), which the decoder D : Rm → Rb

uses to produce reconstructions x̂ = D(z) of the original input. AE models are typically
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Figure 4.1: Hyperspectral unmixing for Raman spectroscopy using autoencoder neural
networks. a, Illustration of hyperspectral unmixing. A set of Raman measurements X = {xi}, where
each xi is a spectrum, are collected from a sample of interest. The spectra xi are viewed as mixtures
of a set of Raman spectral signatures M (endmembers), related to the chemical species present, and
their respective abundances ai. Hyperspectral unmixing aims to infer the set of unknown underlying
endmembers M and abundances ai from the set of measurements X, thereby obtaining qualitative
and quantitative compositional information about the sample. b, Hyperspectral unmixing as a self-
supervised autoencoder learning problem: the decoder D learns endmember signatures during training
and the encoder E learns to derive the corresponding abundances. c, Encoders can accommodate
different concepts from representation learning, such as convolutional layers and attention, to improve
feature extraction and provide more accurate and robust unmixing. d, Decoders can be structured to
model different linear and non-linear mixing models. Physics-inspired constraints are indicated in red in
c and d. Created in BioRender.com. Reproduced from Georgiev et al. 526 , published by PNAS, under
the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

trained in a self-supervised manner by minimising a loss function L(x, x̂) that measures
the discrepancy between the input x and the reconstruction x̂ (e.g. the mean squared
error (MSE)); hence, no ground-truth target values are provided during training. As the
training of the model proceeds, the encoder progressively learns a latent representation
that captures the most salient features of the input data, whereas the decoder learns how
to recover the data back from the latent representation.
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This dual functionality can be harnessed to design autoencoders for hyperspectral unmix-
ing: the latent representations z = E(x) can be interpreted as abundances (with respect
to the input spectrum x), and the decoder D(·) acts as a mixing function on these repre-
sentations by encoding endmember signatures and other interactions. Hence, AE models
learn to perform an ‘unmixing’ where the decoder identifies endmember signatures and
the encoder quantifies the abundances of these learned endmembers in the input spec-
trum (Figure 4.1B). To guide the learning, physical constraints are incorporated into the
AE architecture to reflect the nature of hyperspectral unmixing, e.g. non-negativity of
endmembers and abundances, and sum-to-one abundances.

Compared to standard methods for unmixing, autoencoders are more effective at cap-
turing complex, noisy and non-linear relationships in the data, and do not rely on as-
sumptions such as the presence of ‘pure pixels’. An extended discussion about these and
other advantages of unmixing AEs is provided in Table 4.1. Moreover, AEs offer a more
flexible and versatile framework for unmixing, as illustrated by the wide design space of
encoder and decoder architectures.

On the one hand, the learning of physical and biochemical features in the encoder can
be enhanced by adopting strategies from representation learning, such as convolutional
layers to capture spectral and/or spatial correlations among neighbouring bands and/or
pixels527–529, or attention mechanisms to model long-range dependencies530 (Figure 4.1C).
In addition, sparsity, part-based learning and denoising objectives can be enforced during
training to enhance explainability and robustness531–535.

On the other hand, the design of the decoder allows for flexible modelling of input data,
specifically to account for various mixture models, e.g. linear, bilinear and post-nonlinear
(Figure 4.1D)243,247,248. This is akin to introducing an inductive prior with respect to the
mixture model directly via the AE architecture. Furthermore, the decoder can be pre-
initialised with a set of endmembers (e.g. an endmember library or signatures derived
using methods such as VCA), or readily adapted to non-blind unmixing by fixing certain
parameters to predefined endmember signatures.

4.2.2 Autoencoder design
To assess the effectiveness of AEs as a framework for RS unmixing, a collection of AE
models was developed and evaluated, each defined by a specific encoder and decoder.
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Table 4.1: Comparison of autoencoders and standard unmixing techniques. Re-
produced from Georgiev et al. 526 , published by PNAS, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

Standard unmixing methods (e.g.
VCA+NNLS)

Autoencoders

Assumptions Standard methods rely on strict assumptions -
e.g. endmembers present in the data as ‘pure
pixels’; fixed mixture model; number of
endmembers is known.

Autoencoders can facilitate data-driven
unmixing without many strong assumptions
about the data and task.

Mixture model A specific model is assumed a priori. Usually, a
linear mixing only, as alternatives can become
too complex and computationally expensive.

Autoencoders can be designed to capture
various mixture models, including non-linear
mixtures. This can be enforced by appropriate
architectural constraints or learned in a
data-driven manner.

Input modality &
spatial correlations Spectra are processed individually. If imaging

or volumetric data are provided, these are
typically unfolded and used pixel-wise, thereby
discarding any spatial correlations.

Autoencoders can be extended to utilise the
spatial correlations available in imaging or
volumetric data by incorporating (2D, 3D,
and/or 4D) convolutional layers.

Unmixing process Typically, two separate algorithms are applied. Autoencoders simultaneously extract both
endmembers and fractional abundances by
default. They can also be adjusted for
non-blind unmixing by fixing a pre-defined
endmember matrix in the decoder.

Robustness to
artefacts Performance is usually extremely dependent on

the quality of the data, as well as on
preprocessing, which can vary greatly from
application to application.

Autoencoders can incorporate feature selection
blocks and training loss to promote invariance
to scaling, baselines, and noise, making them
more robust to artefacts and outliers.

Variable spectral
axis Observations are assumed to share a common

spectral axis, and the spectral axis is
discarded. This impedes the integration of
data across experimental setups unless they
share the same spectral axis.

The axis can be integrated as an input to the
model (e.g. as a positional encoding), allowing
the direct integration of diverse data sources.

Scalability Methods can become computationally
prohibitive for larger datasets. More advanced
options are intractable in real-world
applications involving imaging or volumetric
Raman scans.

With modern software and hardware, deep
neural networks are extremely scalable and
parallelisable.

Number of
endmembers Typically, fixed a priori. Normally fixed a priori, too, but can

potentially be learned by introducing sparsity
and information-theoretic criteria in the latent
space, for instance.

Extensibility Most conventional techniques are based on
specialised optimisation-based algorithms
tailored for the particular unmixing task (e.g.
mixture model, scene type, number of
endmembers), which makes their extension
challenging.

Easy extension and adaptation. One can
readily expand unmixing autoencoders into
more advanced variants, as well as integrate
models into established AI and ML pipelines.

Downstream
applications Conventional techniques are generally

constrained within hyperspectral unmixing,
with algorithms only outputting the derived
unmixing results.

Autoencoders can be used as feature extractors
in a variety of modelling and predictive
downstream tasks, such as classification,
clustering and anomaly detection. They can
also leverage transfer learning techniques to
improve performance in situations with limited
labelled data by utilising unmixing
autoencoders for self-supervised pre-training.

Data requirements Standard methods typically require the
presence of endmember signatures as ‘pure
pixels’ in the dataset, and their effectiveness
depends on the availability of these signatures.

AEs do not necessarily require ‘pure pixel’
signatures but may need larger datasets with
representative mixtures for effective learning.

Interpretability Standard methods are based on explicit
mathematical models, making the results
generally interpretable and traceable back to
the original input features.

The internal representations learned by AEs
are typically challenging to interpret and can
represent complex, abstract relationships that
are challenging to reverse-engineer or directly
correlate with physical properties.

Hyperparameters The primary hyperparameter in standard
methods is the number of endmember
signatures to consider, which simplifies the
tuning process.

AEs model training can involve numerous
hyperparameters (e.g. number of layers, size of
layers, learning rate, training epochs, batch
size), requiring extensive tuning and
optimisation for effective performance.

88



Encoder design

Four types of encoders were considered, encompassing a variety of architectures, from
traditional dense layers to contemporary convolutional and attention mechanisms: 1)
an encoder consisting of fully connected layers (Dense); 2) an encoder with a 1D con-
volutional feature extractor block, followed by a fully connected part (Convolutional);
3) a transformer-based encoder using multi-head attention (Transformer); and 4) a
transformer-based encoder with a 1D convolutional feature extractor (Convolutional Trans-
former).

Dense AE. This autoencoder employs an encoder comprising 2 fully connected (or dense)
layers. The first layer projects spectra of dimension b to hidden features of dimension 128
(Leaky ReLU activation with a slope of 0.02), which the second layer further projects to
latent representations of dimension n (n is the number of endmembers to extract). In the
Deep Dense AE model used in the analysis of the THP-1 cell, the number of hidden layers
is increased to five, comprising 512, 256, 128, 64 and 32 neurons, respectively, before the
final layer of size n.

Convolutional AE. This model extends the Dense AE by adding a convolutional block
before the dense layers. The convolutional block consists of two layers of 1D convolutions
connected in parallel, each comprising 16 filters of size 3 and 16 filters of size 5 (ReLU ac-
tivation; input padded with zeroes). The outputs from these two layers are concatenated
and merged (channel-wise) via a 2-dimensional dense layer to produce representations of
dimension b, which are then fed to the Dense encoder described above.

Transformer AE. In this transformer-based encoder, input spectra are first projected to
features of size 32 through a fully connected layer, and then fed to a transformer encoder
layer comprising a multi-head attention block with 2 attention heads of size 32536, followed
by two fully connected layers expanding the features to size 64 (ReLU activation) and
condensing back to 32 (no activation). Layer normalisation537 and dropout (10%)538 are
applied after the multi-head attention block and the fully connected layers. The output
of the transformer block is then channelled into the last fully connected layer of size n.

Convolutional Transformer AE. In this model, the Transformer AE architecture is
extended with the same convolutional block used in the Convolutional AE, here added
before the transformer-based encoder block.

89



Decoder design

The two types of decoders investigated were: 1) a decoder designed for linear unmixing,
and 2) a decoder designed for bilinear unmixing. The linear unmixing decoder archi-
tecture consists of a single fully connected layer using the identity activation function
without bias (see Equation 2.5). The bilinear Fan decoder shares the same architecture
as the linear decoder but also incorporates the additional bilinear interaction terms (see
Equation 2.6).

Physics-inspired constraints

Abundance constraints were applied through the choice of latent space activation func-
tions. To enforce both the abundance non-negativity constraint (ANC) and abundance
sum-to-one constraint (ASC), a softmax activation function was applied in the final layer
of each encoder. When only ANC was used, the activation function was changed to a
‘softly-rectified’ hyperbolic tangent function given by 1

γ
log(1 + eγ∗tanh(x)), with γ = 10,

customly designed to ensure abundances are between 0 and 1 but do not necessarily add
up to one. To ensure the non-negativity of endmembers, the weight matrix of the linear
layer in the decoder was constrained by clipping negative values to zero during training.

4.2.3 Model training and evaluation
The autoencoders were trained in a self-supervised manner by minimising a loss based
on the spectral angle divergence (SAD)517 that measures the cosine similarity between
input and reconstructed spectra (see Equation 4.2). Training was performed using the
Adam optimiser with a learning rate of 0.001539.

In the cases where ground-truth information is available (synthetic data and sugar mix-
tures), predictive accuracy was quantified according to two measures: (i) the mean
squared error (MSE) between ground-truth and predicted abundances α and α̂:

MSE(α, α̂) = 1
n

||α − α̂||2, (4.1)

with n representing the number of endmembers extracted, and (ii) the SAD between
ground-truth and predicted endmembers mi and m̂i:

0 ≤ SAD(mi, m̂i) = arccos
(

mi · m̂i

∥mi∥2 ∥m̂i∥2

)
≤ π. (4.2)
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Each evaluation was performed after first matching the derived and ground-truth end-
members (and corresponding abundances) via the Hungarian algorithm with SAD as the
objective to minimise. When the number of extracted endmembers n was higher than
the number of ground-truth endmembers ntrue, only the ntrue best-matched estimated
endmembers (i.e. those with the lowest SAD scores) and their corresponding abundances
were used to compute the final performance metrics.

Note that each dataset was analysed independently by fitting separate models from
scratch.

4.2.4 Baseline methods for comparison
The performance of the developed AE models was compared to conventional unmixing
approaches: N-FINDR and VCA for endmember extraction, followed by NNLS or FCLS
for abundance estimation. PCA was also evaluated, which, despite not being designed for
unmixing, is commonly used in applications. PCA results were omitted from the main
body of the chapter as they exhibit substantially lower performance (see Appendix C for
full results).

4.2.5 Implementation
Analyses were performed in Python, using tensorflow 516 for autoencoder model develop-
ment and training, and RamanSPy (Chapter 3) for unmixing with conventional methods,
data loading and management, preprocessing and plotting.

4.3 Benchmarking unmixing autoencoders on synthetic
Raman mixtures
The performance of the AE architectures was first benchmarked on synthetic datasets
created for validation.

4.3.1 Generating synthetic Raman mixtures
To this end, a custom data generator was developed that produces synthetic Raman
mixtures with different characteristics (e.g. number and type of endmembers, abundance
profiles, mixture model, data artefacts) with full knowledge of the underlying endmembers
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Figure 4.2: Generation of synthetic Raman mixtures. Schematic diagram of the synthetic data
generator developed to create mixtures with known ground truth for benchmarking unmixing methods.
Created in BioRender.com. Reproduced from Georgiev et al. 526 , published by PNAS, under the CC BY
4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

and abundances (Figure 4.2).

Generating endmembers

For each synthetic dataset, n endmembers were first generated spanning b spectral bands.
For the scope of this work, n = 5 and b = 1000. Each endmember mi ∈ Rb

+ was
created by a superposition of a set of npeaks,i Gaussian peaks of different amplitude,
width and location, randomly sampled as follows. The number of peaks was sampled
from a discrete uniform distribution npeaks,i ∼ U(5, 9). Each peak p was described by
p = hpσp

√
2π N (bp, σp), where N (·) represents a Gaussian distribution. The height of

the peak was defined as hp = h1 · h2, where h1 = 1 + 5 hβ with hβ ∼ Beta(1, 3) and
h2 ∼ U(0.1, 1). The centre of the peak was sampled from bp ∼ U(10, b − 10), and the
width of the peak was defined as σp = wpσ, with σ ∼ U(0.1, 1).

Two types of endmembers were created: clean and noisy. For the former, peaks with
wp = 1 were produced. For the latter, clean endmembers were augmented by adding
nsmall

peaks,i ∼ U(50, 99) smaller peaks sampled with h1 = 1/3 and wp = 2, thus making noisy
endmembers better resemble experimental Raman signatures.

Generating abundances

For visualisation purposes, abundance profiles were presented in the form of two-dimensional
scenes comprising H × W pixels, where each pixel represents abundance vector α ∈ Rn

+.
Here, H = W = 100, resulting in 10000 spectra per scene/dataset. In the simplest scene
(Chessboard), the scene was divided into 20 × 20 square patches, each containing a single
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randomly assigned endmember (i.e. all 400 pixels in each patch are the same one-hot
vector). The second scene (Gaussian) consisted of n Gaussian functions equally spaced
along the diagonal of the scene. After each pixel was normalised to comply with the ASC,
abundance profiles were obtained with varying levels of overlap of components. The last
abundance scene (Dirichlet) corresponded to a highly mixed scene, where each pixel was
individually sampled from an n-dimensional Dirichlet distribution, producing a random
mixture of all endmembers. Note that the abundance profile of each pixel in all three
scenes complied with both ANC and ASC.

Mixing model

Having generated a set of endmembers and an underlying abundance scene, mixed data
measurements x ∈ Rb were created based on a selected mixing model. In this study, linear
mixtures (Equation 2.2) and bilinear mixtures based on the Fan model (Equation 2.3)
were considered.

Adding data artefacts

Finally, data artefacts (noise, baseline, cosmic spikes) were optionally added to create
more realistic synthetic Raman spectra. Here, Gaussian noise ϵ ∈ Rb was added to
each spectrum, with independent and identically distributed components ϵi ∼ N (0, σN).
Further, a baseline signal B = hB arctan(π[1 : b]/b) ∈ Rb was added to each spec-
trum with probability pB. Finally, with probability pS, a cosmic spike of intensity
S ∼ hSU(0.75, 1.25) was added to each spectrum at a band bS ∼ U{2, b − 2}. For
all experiments, the generation parameters were set to: σN = 0.1, pB = 0.25 hB = 2,
pS = 0.1, hS = 5.

4.3.2 Synthetic datasets for validation
Using the data generator, 11 types of synthetic datasets of variable complexity were pro-
duced, based on four mixture scenarios over three abundance scenes. In order of complex-
ity, the four mixture scenarios were: 1) a linear mixture with clean endmembers and no
data artefacts (ideal); 2) a linear mixture with clean endmembers, but contaminated with
artefacts representing dark noise, baseline variations and cosmic spikes (+artefacts); 3)
a linear mixture with noisy endmembers (i.e. containing additional smaller noise peaks)
and artefacts (+realistic); and 4) a bilinear mixture based on the Fan model230 with
noisy endmembers and artefacts (+bilinear). For each of the four mixture scenarios,
three dataset variants were generated (two for the +bilinear scenario since no bilinear
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Figure 4.3: Key measures and statistics of benchmark datasets used for validation of un-
mixing autoencoders. Summary information for datasets used for validation – A, three synthetic
datasets; B, the two experimental datasets from sugar solutions with reference spectra; and C, the vol-
umetric cell data from Kallepitis et al. 74 . Each panel provides the number of measurements present in
the dataset and the mean SNR of the spectra, a histogram (50 bins) of all intensity values in the dataset,
and 4 randomly selected spectra from the dataset alongside their individual intensity histograms (50
bins). Assembled in BioRender.com. Reproduced from Georgiev et al. 526 , published by PNAS, under
the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

interactions are present in the Chessboard scene) based on custom 100 × 100 abundance
scenes. This produced 10k spectra per dataset, organised into two-dimensional scenes
for visualisation purposes. In increasing level of mixing, the scenes considered were: 1)
a scene comprising well-separated patches, each containing a single species (Chessboard
scene); 2) a semi-mixed scene given by a Gaussian mixture of species (Gaussian scene);
and 3) a highly-mixed scene where each pixel represents a random sample of species
drawn from a Dirichlet distribution (Dirichlet scene). Therefore, the synthetic datasets
covered increasingly complex scenarios, from the ideal Chessboard dataset that is trivial
for conventional methods, to noisier, more complex mixtures containing different types
of artefacts.
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Representativeness of synthetic datasets

To assess the representativeness of the synthetic datasets generated by the data gener-
ator, analyses were performed comparing statistical and similarity metrics between the
synthetic datasets and the experimental data (sugar solutions, cell line) used for val-
idation in this chapter. Before analysis, data were baseline corrected using adaptive
smoothness parameter penalised least squares512 and normalised by dividing each spec-
trum by its maximum value. Experimental data were also cropped to the fingerprint
region 700–1800 cm−1 before preprocessing.

Figures 4.3 presents summary statistics for each of the three data types, including the
number of measurements, mean SNR, dataset intensity histograms, and randomly selected
spectra with their corresponding histograms. The panels illustrate that synthetic datasets
(all +realistic scenarios) display comparable properties to real data. Dataset similarity
was further assessed using the Wasserstein-1 distance between spectral histograms and
multidimensional scaling (MDS) analysis. Figure 4.4 shows that generated synthetic
datasets, especially the +artefacts and +realistic scenarios, align well with real Raman
measurements, as indicated by low spectral distances and overlapping MDS projections.

Recognising that synthetic data can serve as a valuable validation, particularly when
ground truth data is unavailable or non-existent, the data generator developed here was
incorporated into RamanSPy, enabling the generation of diverse synthetic mixtures with
known ground-truth endmembers and abundances. Nevertheless, it is important to ex-
ercise caution when extrapolating findings from synthetic data alone. Although the syn-
thetic data generation accounts for various sources of variability (e.g. dark noise, cosmic
spikes, baseline variations), synthetic data inherently provide an idealised scenario. Still,
synthetic datasets can provide a useful initial validation step during method development,
which can then be further supported by subsequent experiments using real data, as done
in this chapter.

4.3.3 Benchmark results
The generated synthetic datasets enabled the evaluation of unmixing performance across
different methods and data settings.

Each experiment was performed on 5 datasets and 5 model initialisations using different
random seeds, resulting in 5 × 5 = 25 replicates per evaluation, or 1650 experiments in
total: 6 models (2 conventional, 4 AEs) × 11 dataset variants × 25 replicates. Random
seeds were kept the same across mixture scenarios to allow direct comparison. The latent
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Figure 4.4: Similarity analysis of the benchmark datasets used for validation of unmixing
autoencoders. A, Wasserstein-1 distance between the dataset-wide intensity histograms (50 bins) of
the synthetic and experimental datasets used. ‘Gaussian noise’ represents a dataset that contains 10000
‘spectra’ each comprising 1000 values independently sampled from a normal distribution with mean 0
and standard deviation of 0.5, added for reference. B–C, Multidimensional scaling (MDS) analysis of
the calculated Wasserstein distances between the histograms of: 100 randomly selected spectra from
each considered dataset (B); and dataset-wide histograms (C). Ellipses in B represent 90% confidence
regions for each group based on a multivariate Gaussian distribution model, showcasing the spread and
overlap of the data points. Assembled in BioRender.com. Reproduced from Georgiev et al. 526 , published
by PNAS, under the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The
Authors.
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dimensionality m of each AE model was set to 5 for the ideal mixture scenario, and 6 for
the other mixture scenarios with data artefacts. Both ANC and ASC were enforced for
all experiments on synthetic data. AE models were trained for 10 epochs.

To illustrate the evaluation process, Figure 4.5A shows a comparison of the six unmix-
ing methods on an example dataset (Chessboard scene, +artefacts scenario). Using the
ground truth, derived endmembers and abundances were evaluated both qualitatively and
quantitatively. In the following, the results across all synthetic datasets are discussed.

Linear mixtures

First, the results on the nine dataset variants created through the linear mixture scenarios
(1–3) are presented. These data comply with the linear mixing assumption of conventional
methods and, for consistency, the AE models tested here were equipped with a decoder
for linear unmixing. Figure 4.5B summarises the performance of the six models (two
conventional and four AEs) across the nine dataset variants, with experiments performed
over 5 distinct datasets and 5 model initialisations for each variant (refer to Table C.1 in
Appendix C for numeric performance metrics). The discrepancy between ground truth
and derived endmembers was measured using SAD, while the discrepancy between ground
truth and derived abundances was measured using MSE, as discussed in Section 4.2.3.

Results show that the AE models consistently outperform the two conventional methods,
providing more accurate endmembers and abundances across virtually all scenarios and
abundance scenes. The AEs recover the performance of the conventional methods on
the simple ideal Chessboard datasets, and the improvement in AE performance becomes
increasingly prominent for mixture scenarios with higher levels of noise and data artefacts.

Non-linear mixtures

Next, the benchmark analysis on synthetic data generated using a non-linear mixture
model (i.e. +bilinear scenario) is presented. The results are displayed in Figure 4.5C,
where AEs were equipped with a decoder specific to the bilinear mixture model by merely
adapting the decoder architecture. Once again, the results demonstrate that all four AE
models provide a substantial improvement in unmixing accuracy compared to methods
like N-FINDR+FCLS and VCA+FCLS for both endmember and abundance estimation.
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Figure 4.5: Benchmarking autoencoders on synthetic Raman mixtures. A, Representative
unmixing results – endmembers (left) and abundances (right) – obtained by each of the six algorithms
considered when applied to an example synthetic dataset (Chessboard scene, +artefacts scenario). B–C
Summary of the unmixing performance of the six algorithms on 11 types of synthetic datasets, which
span variable mixing levels and complexity. Linear mixtures are shown in B, and bilinear mixtures
in C. Confidence intervals are given by one standard deviation around the sample mean (each bar
represents n = 25 evaluations: 5 datasets with 5 model repetitions each). Assembled in BioRen-
der.com. Reproduced from Georgiev et al. 526 , published by PNAS, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

4.3.4 Computational efficiency
The computational complexity and scalability of unmixing methods can become a sig-
nificant bottleneck in real-world applications, particularly for imaging and volumetric
Raman scans, which can contain hundreds of thousands of spectra.

To examine this issue, the computational cost of the four developed AE models (linear
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Figure 4.6: Computational efficiency analysis. The computational cost (measured as wall time) of
autoencoders and conventional methods on synthetic datasets (Chessboard scene, +artefacts scenario) as
the number of spectra is increased. Each dot represents the average across 3 evaluations (confidence inter-
vals based on one standard deviation are small and not visible to the eye). AE models are equipped with
decoders for linear unmixing. Labelled in BioRender.com. Reproduced from Georgiev et al. 526 , pub-
lished by PNAS, under the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024
The Authors.

decoders) and the two conventional methods was profiled on synthetic datasets (ideal
scenario, Chessboard scene) of increasing sizes, from 2500 to 250000 spectra. The number
of endmembers to extract was set to n = 5 for all methods. For each experiment, 3
separate evaluations were performed, measuring the wall time of each method (including
the full training time for autoencoders). All experiments were conducted on a MacBook
Air laptop with an Apple M2 chip (8-core CPU, 10-core GPU, and 16-core Neural En-
gine). Only CPU computation was employed throughout to ensure a fair comparison
with traditional methods, which, by design, do not utilise GPU acceleration.

Figure 4.6 shows that all four AE models are faster than standard methods such as
N-FINDR+FCLS and VCA+FCLS, providing efficient unmixing even without utilising
GPU acceleration and parallel processing, which can further enhance their performance.

4.4 Validation of unmixing autoencoders on experimen-
tal Raman data from sugar mixtures
To validate the unmixing performance of AEs on real experimental data, benchmark
analyses were performed on data from a library of 240 sugar mixtures prepared in-house
with four types of sugar (glucose, sucrose, fructose, maltose) at different concentrations
(see Figure 4.7A).
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4.4.1 Data collection

Preparation of sugar solutions

1 mol/L solutions of each type of sugar (sucrose, fructose, maltose, and glucose) were
prepared by dissolving the appropriate weight of sugar into 40 mL of ultrapure distilled
water (Invitrogen™ – UltraPure™ DNase/RNase-Free Distilled Water). The weights of
sugars dissolved were 13.83 g for sucrose (Thermo Scientific Chemicals – Sucrose, 99%),
7.279 g for fructose (Thermo Scientific Chemicals – D-Fructose, 99%), 15.171 g for maltose
(Thermo Scientific Chemicals – D-(+)-Maltose monohydrate, 95%) and 7.279 g for glucose
(D-(+)-Glucose, AnalaR NORMAPUR® analytical reagent). All solutions were mixed
and vortexed in standard 50 mL centrifuge tubes until no solute was visible.

Sugar mixtures were prepared in standard 96-well plates, with a volume of 375 µL per
well. A full factorial experiment was performed comprising 4 volume levels for each sugar
(0 µL, 30 µL, 75 µL and 120 µL), filled with distilled water where necessary. Discarding
the mixtures exceeding the volume of the well and the one that contains no sugar, 240
distinct mixtures were prepared. In addition, 5 extra ‘pure’ solutions (i.e. 375 µL of
water, sucrose, fructose, maltose, or glucose) were prepared and used to extract reference
spectra for each chemical species. This resulted in a total of 245 wells distributed in three
standard 96-well plates. Mixtures were stirred using standard 200 µL pipettes before
spectral acquisition to ensure good mixing.

Credits: Sugar mixtures were prepared by Dr Álvaro Fernández-Galiana and Georgios
Papadopoulos.

Raman measurements from sugar solutions

Spectra were acquired using a custom Raman microspectroscopy platform designed for
high-throughput analysis, known as B-Raman. This platform is based on the Thorlabs
Cerna® and features the BWTek BRM-785-0.55-100-0.22-SMA laser excitation source
and the Ibsen EAGLE Raman-S spectrometer. The instrument was calibrated using an
Argon wavelength calibration source (AR-2 – Ocean Insight) reference lamp before data
collection. The excitation wavelength was 785 nm and the power incident to the samples
was 36.3 mW. The Raman scattering was collected in reflection via a Leica N PLAN
10x/0.25 objective with 0.25 numerical aperture. The raw spectra were acquired over the
spectral wavenumber range of 142–3684.8 cm−1.

Spectra were measured from the centre (horizontal) of each well at a fixed depth that
was established to provide the highest signal. To evaluate unmixing performance under
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different signal-to-noise ratio (SNR) conditions, two sets of data were collected from each
well. Specifically, high and low SNR measurements were acquired using integration times
of 5 seconds and 0.5 seconds, respectively. Several measurements were collected from each
well, resulting in a total of 240 solutions × 2 measurements × 4 repetitions = 1920 high-
SNR measurements (1960 with reference spectra); and 240 solutions × 8 measurements ×
4 repetitions = 7680 low-SNR measurements (7840 with reference spectra).

Credits: RS data from sugar mixtures were collected by Dr Álvaro Fernández-Galiana
and Georgios Papadopoulos.

4.4.2 Preprocessing and analysis
Each sugar dataset was preprocessed using the following protocol: 1) cropping to the
region 400–1800 cm−1; 2) baseline correction with adaptive smoothness parameter pe-
nalised least squares (asPLS)512 with smoothing parameter λ = 105, differential matrix
of order 2, maximum iterations set to 100, and exit criteria with tolerance t = 0.001;
3) global vector normalisation, where each observation was divided by the highest mag-
nitude observed in the data. Baseline removal is important to ensure models extract
relevant features (i.e. characteristic peaks) as opposed to merely capturing the trend.

Next, hyperspectral unmixing was performed to estimate the content of each mixture,
i.e. types of sugar and their concentrations. Ground-truth endmember signatures were
estimated by taking the median (band-wise) of the reference spectra (40 in high SNR
setup, and 160 in low SNR setup) collected from the 5 additional wells containing pure
solutions (Figure 4.7B). Ground-truth abundances were determined by calculating the
ratio of the components present based on the experimental concentrations used to prepare
each mixture. As with the synthetic data above, the performance of the four AE models
(linear decoders) was benchmarked against N-FINDR+FCLS and VCA+FCLS. These
experimental datasets with ground truth were used to systematically evaluate unmixing
algorithms under typical experimental artefacts, such as baseline shifts, environmental
noise and cosmic spikes.

Hyperspectral unmixing was performed following similar training and evaluation proto-
cols to those employed for the synthetic data, with the number of endmembers to extract
set to n = 5. The number of epochs was increased to 15 for low SNR data and 50 for high
SNR data, given the more limited number of spectra collected. Moreover, an additional
MSE term was incorporated in the training loss L of autoencoders on the high SNR data:

L(x, x̂) = SAD(x, x̂) + λ MSE(x, x̂), (4.3)
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Figure 4.7: Experimental validation on Raman spectroscopy data from sugar mixtures.
A, Schematic diagram of sugar mixture preparation. Two sets of Raman measurements are acquired
from a library of 240 sugar mixtures – high and low signal-to-noise ratio (SNR) data collected using
integration times of 5 s and 0.5 s, respectively. Raw RS data acquired by Dr Álvaro Fernández-Galiana
and Georgios Papadopoulos. B, Ground-truth endmember signatures were estimated by taking the
median of high SNR reference spectra measured from pure solutions containing a single sugar species.
C–D, Summary of unmixing performance for: C, idealised scenario where spectra collected from pure
solutions are included; and D, original data without the spectra from pure solutions (i.e. no ‘pure
pixels’). Confidence intervals are given as one standard deviation around the sample mean (n = 5).
Created/assembled in BioRender.com. Reproduced from Georgiev et al. 526 , published by PNAS, under
the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

with λ = 1000. This term breaks the invariance to scale and leads to better abundance
estimation given the weak water endmember (see Table C.2 in Appendix C for full results
and numeric performance metrics). The standard SAD loss was used for experiments on
low SNR. Each experiment was repeated for 5 model initialisations.

4.4.3 Benchmark results

Results on data with reference spectra

First, an idealised scenario was considered, purposefully devised to favour conventional
methods, whereby endmembers were present in the data. To simulate this, the additional
reference spectra measured from pure solutions were also included in the total data,
serving as ‘pure pixels’. As expected, when such ‘pure pixels’ are available, conventional
methods (NFINDR+FCLS, VCA+FCLS) performed comparably to AEs on clean, high
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SNR data (Figure 4.7C). Yet, AEs already provided improved performance in low SNR
regimes.

Results on data without reference spectra

In many experimental applications, however, the underlying endmembers are not present
in the data and cannot be separately obtained (e.g. target-agnostic applications or un-
known species). To consider such cases, the analysis was repeated using the original
datasets without including the additional reference spectra from pure solutions. The
results in Figure 4.7D demonstrated that, in such situations, AEs substantially outper-
form conventional methods in both low and high SNR settings. Qualitative examination
further supports these findings, with standard methods failing to extract accurate end-
member signatures, particularly in low SNR data where outlier spectra with significant
artefacts were often selected as endmembers (Figures 4.8 and 4.9).

Further performance evaluation data using an alternative endmember distance based on
Pearson’s correlation coefficient (PCC) is presented in Table C.3 in Appendix C. The
additional results show an even more pronounced improvement in endmember estimation
accuracy.

103



Figure 4.8: Endmember estimates on high SNR sugar data. Qualitative comparison of derived
endmembers on the high SNR sugar datasets. A, Data with reference spectra. B, Data without reference
spectra. Endmembers are scaled such that their maximum intensity is equal to 1 for visualisation
purposes. x-axes represent the Raman shift region 400–1800 cm−1, and y-axes, which are shared for each
row, represent normalised intensity (a.u.). Raw RS data acquired by Dr Álvaro Fernández-Galiana and
Georgios Papadopoulos. Assembled in BioRender.com. Reproduced from Georgiev et al. 526 , published
by PNAS, under the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The
Authors.
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Figure 4.9: Endmember estimates on low SNR sugar data. Qualitative comparison of derived
endmembers on the low SNR sugar datasets. A, Data with reference spectra. B, Data without reference
spectra. Endmembers are scaled such that their maximum intensity is equal to 1 for visualisation
purposes. x-axes represent the Raman shift region 400–1800 cm−1, and y-axes, which are shared for each
row, represent normalised intensity (a.u.). Raw RS data acquired by Dr Álvaro Fernández-Galiana and
Georgios Papadopoulos. Assembled in BioRender.com. Reproduced from Georgiev et al. 526 , published
by PNAS, under the CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). © 2024 The
Authors.

105



4.5 Application of unmixing autoencoders to biological
data: volumetric Raman imaging of a THP-1 cell
As an application to biological research, the unmixing autoencoders were used to analyse
a low SNR volumetric RS raster scan of a human leukaemia monocytic (THP-1) cell by
Kallepitis et al. 74(Figure 4.10A). Using RS and chemometric techniques, the composition
of the cell can be probed to study its morphology in a non-destructive, label-free manner.

4.5.1 Spectral preprocessing
The volumetric Raman scan of the THP-1 cell was collected using an integration time of
0.3 seconds, and comprises a z = 1, . . . , 10 stack of ten 40 × 40 raster scans, organised
into a single volumetric hypercube for analysis74. The data were loaded into RamanSPy
and preprocessed before unmixing using the following protocol: 1) spectral cropping to
the fingerprint region 700–1800 cm−1; 2) cosmic spike removal using the algorithm by
Whitaker and Hayes 159 with kernel of size 3 and z-value threshold of 8; 3) denoising with
Savitzky-Golay filter161 using a cubic polynomial kernel of size 7; 4) baseline correction
using Asymmetric Least Squares (AsLS)165 with smoothing parameter λ = 106, penal-
izing weighting factor p = 0.01, differential matrix of order 2, maximum iterations set
to 50, and exit criteria with tolerance threshold of t = 0.001; and 5) global Min-Max
normalisation to the interval [0, 1].

4.5.2 Comparative unmixing analysis
After loading and preprocessing the data using RamanSPy, hyperspectral unmixing was
conducted with: 1) VCA+NNLS – as in the original paper; 2) Dense AE – the simplest
and most computationally efficient AE model developed here; and 3) Deep Dense AE
– an extension of Dense AE with a deeper encoder with five layers. Unmixing was
performed following the same AE training protocol as in other analyses, with the number
of training epochs set to 20 and the number of endmembers to extract to n = 20. Here,
the constraint that abundances must sum to one was discarded.

The endmembers derived by each of the three methods were characterised via peak as-
signment to identify biochemical species present in the scanned cell. Out of those 20,
the 5 endmembers deemed most biologically relevant were displayed following the peak
assignment as per the original paper by Kallepitis et al. 74 . For VCA+NNLS, two of the
five obtained endmembers corresponded to the same cell organelle, namely cytoplasm,
and were visualised using the same colour in the merged reconstruction displayed in Fig-
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Figure 4.10: Volumetric Raman imaging of a THP-1 cell. A, Brightfield image of the stud-
ied THP-1 cell. B, Reconstruction of a cross-section of the cell (layer z = 7) obtained by overlaying
the abundances derived by: VCA+NNLS and the developed Dense AE and Deep Dense AE models.
C, Detailed overview of the unmixing results obtained with the Deep Dense AE model, displaying
the spatial distribution (layer and volume) of the individual abundances (left) and the associated end-
member signatures (right). Abundance maps are normalised for consistent visualisation. Brightfield
image and raw RS data are from a previous study by Kallepitis et al. 74 . Assembled in BioRen-
der.com. Reproduced from Georgiev et al. 526 , published by PNAS, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

ure 4.10B. The observed species were related to deoxyribonucleic acid (DNA), proteins,
triglycerides (TAGs), phospholipids (PLPs) and cholesterol esters. Specifically, cell or-
ganelles were determined based on the following peaks: PBS buffer - 1637 cm−1 (water
peak); cytoplasm - 1005 cm−1 (phenylalanine), 1250 cm−1 (Amide III), 1659 cm−1 (Amide
I) and 1445 cm−1 (CH deformations of proteins and lipids); TAGs/PLPs - 1092 cm−1 (C–C
stretching ), 1308 cm−1 (CH2 twists), 1445 cm−1 (CH deformation), and 1661 cm−1 (C=C
stretching); nucleus/DNA - 790 cm−1 (symmetric phosphodiester stretch and ring breath-
ing modes of pyrimidine bases) and 1103 cm−1 (symmetric dioxy-stretch of the phosphate
backbone); cholesterol - 1069 cm−1 and 1134 cm−1 (cholesteryl stearate), 1300 cm−1 (CH2

twists), and 1443 cm−1 (CH deformation)32,74,540.

Figure 4.10B shows the reconstructions of the cell created by overlaying selected abun-
dances derived by each method, revealing the spatial organisation of key cellular or-
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ganelles, including the nucleus, cytoplasm, lipid bodies and membranes. Although direct
comparisons are challenging due to the lack of ground truth, the unmixing results of the
AE models are aligned with the original findings by Kallepitis et al. 74 , albeit with more
distinct endmember signatures and well-defined abundance features (see Figures C.1–C.3
in Appendix C for full unmixing data). The Deep Dense AE model provides cleaner
endmember signatures that enable more precise spectral and compositional information
(Figure 4.10C). Notably, unlike the original VCA+NNLS approach, the developed AEs
detected cholesterol, an important functional and structural component in cells that
plays a key role in membrane fluidity and stability, signalling pathways and immune
response541–543.

Finally, it is noted that the unsupervised autoencoder models developed here do not
utilise any ground truth information during training, in contrast with previous supervised
machine learning approaches for Raman cell imaging and characterisation, where specific
target concentrations are used as labels to train the model (e.g. using separately acquired
fluorescence images)81,219–221.

4.6 Conclusion
This chapter has presented an autoencoder-based methodology for hyperspectral unmix-
ing in RS, which was validated on a wide array of synthetic and real experimental datasets.
The results demonstrate that autoencoders are adept at handling diverse mixture sce-
narios and exhibit robustness against data artefacts, offering an effective, versatile and
efficient framework for RS unmixing.

Data availability
The original datasets presented in this work, both synthetic data and experimental data
from sugar mixtures, are available at https://doi.org/10.5281/zenodo.10779223. Pre-
viously published data from a THP-1 cell used in this work is available at https:
//doi.org/10.5281/zenodo.256329 (scan ‘001’).

Code availability
The code and associated scripts developed for this work are available at https://github.
com/barahona-research-group/raman-unmixing-aes. The synthetic data generator
is also available within RamanSPy (https://github.com/barahona-research-group/
RamanSPy).
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Chapter 5

Label-free biochemical imaging and timepoint
analysis of neural organoids via deep learning-
enhanced Raman microspectroscopy

This chapter is based on the following manuscript,
submitted for publication:

Georgiev, D.*, Xie, R.*, Reumann, D., Zhao, X., Fernández-Galiana, Á., Barahona,
M., & Stevens, M. M. (submitted). Label-free biochemical imaging and timepoint
analysis of neural organoids via deep learning-enhanced Raman microspectroscopy.
Preprint available on bioRxiv: 10.1101/2025.09.29.679057, 2025.

*D.G. and R.X. contributed equally to this work.

Author contributions. I designed and optimised the computational pipeline, and
developed all software and supporting tools. I performed all experiments and data
analyses, making use of Raman imaging data collected by my co-authors Dr Ruoxiao
Xie, Dr Daniel Reumann and Xiaoyu Zhao, who also cultured the neural organoids
used in this study. Dr Ruoxiao Xie and Dr Daniel Reumann performed fluorescence
microscopy. Dr Ruoxiao Xie, Dr Daniel Reumann, Dr Álvaro Fernández-Galiana,
Prof. Mauricio Barahona and Prof. Dame Molly Stevens – contributed to supervi-
sion, conceptualisation, experimental design and interpretation of results. I wrote
the manuscript, with input from all authors.
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5.1 Introduction
As discussed in Section 2.2, neural organoids provide powerful in vitro models of the
developing human brain, offering an experimental platform for studying brain develop-
ment, disease and drug response. However, their analysis remains constrained by the
limitations of standard imaging methods based on fluorescence microscopy, which are in-
vasive, require exogenous labelling and offer limited multiplexing (Section 2.2.5). To fully
exploit the potential of organoids, new approaches are needed that enable non-invasive,
label-free imaging of intact samples under physiologically relevant conditions. Despite
the potential of RS in this context, its application to neural organoids has thus far been
largely unexplored due to persisting challenges in RS data analysis and chemometrics.

The unmixing autoencoders introduced in Chapter 4 enables fully unsupervised, label-
free biochemical analysis with improved accuracy compared to standard chemometric
techniques, as validated on synthetic datasets, sugar mixtures and cell imaging data.
However, it remains an open question whether this framework can be applied effectively
in more complex experimental settings involving intact neural organoids, which pose
greater heterogeneity and structural complexity than the samples used previously.

Building on the work described in Chapters 3 and 4, this chapter presents a pipeline
for non-invasive, label-free organoid imaging based on spontaneous Raman microspec-
troscopy and unsupervised autoencoder-based hyperspectral unmixing analysis. The
proposed approach achieves improved biochemical imaging compared to standard meth-
ods for RS analysis, as validated against fluorescence microscopy, and enables detailed
morphochemical imaging and spatially resolved analysis with subcellular resolution in
both cryosectioned and intact neural organoids. Using the platform, volumetric in situ
imaging of a neural rosette structure within a neural organoid is demonstrated – a key
morphological feature of the developing nervous system. Furthermore, changes in bio-
chemical composition during early developmental stages in intact neural organoids are
interrogated, revealing spatiotemporal variations in lipids, proteins and nucleic acids.

5.2 Deep learning-enhanced Raman microspectroscopy
First, the technical methodology behind the organoid imaging pipeline based on Ra-
man microspectroscopy combined with autoencoder-based hyperspectral unmixing is dis-
cussed. Figure 5.3 provides an overview of the proposed approach.

Raman measurements were collected from fixed neural organoid samples by performing
point-wise imaging scans across predefined regions of interest. Volumetric scans were
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Figure 5.1: Schematic diagram of developed organoid imaging pipeline. The pipeline com-
bines Raman microspectroscopy and deep learning-enhanced hyperspectral analysis. Created in BioRen-
der.com.

generated by acquiring sequential scans along the axis perpendicular to the imaging plane
(e.g. sampling at different depths along the z-axis). Acquired data were preprocessed
to remove non-specific signal contributions and spectral artefacts, such as cosmic spikes,
autofluorescence baselines and dark noise (see Section 5.3). This was done using the
RamanSPy Python toolbox (Chapter 3).

After preprocessing, hyperspectral unmixing was performed to derive constituent spectral
components (endmembers) and quantify their relative contributions (abundances) in each
measurement. This was achieved using an autoencoder neural network model designed
for hyperspectral unmixing, following the approach presented in Chapter 4. Briefly, the
autoencoder architecture included: (i) an encoder responsible for abundance estimation,
which comprised a multi-branch spectral convolutional block followed by a five-layer fully
connected network, and (ii) a one-layer decoder responsible for endmember identification.
Relevant physical constraints were incorporated in the model and the representation
learning process, namely, constraining the learnt endmembers and abundances to be
non-negative through the use of appropriate activation functions and weight clipping, and
constraining the mixing process to linear mixing through the use of a single-layer linear
decoder. Models were trained on individual scans or datasets in an unsupervised manner
by minimising a reconstruction loss based on the weighted sum of the mean squared error
and spectral angle divergence517 between input spectra and output reconstructions.

As noted in Section 2.1.5, the number of endmembers to extract from a given dataset is a
key hyperparameter in blind unmixing, and its choice strongly affects the resulting abun-
dance maps. To guide this selection, the number of endmembers for each scan/dataset
was determined using principal component analysis (PCA)172,173 (see Section 5.3.5).

After model training, learnt endmember signatures and their corresponding abundances
were derived, generating multi-channel abundance images/volumes with channels render-
ing chemical maps of the distribution of learnt endmembers. The obtained endmembers
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and abundances were examined to filter out components linked to non-tissue signals,
such as background and noise. The remaining tissue-specific endmembers were charac-
terised via peak assignment, whereby prominent peaks were linked to chemical bonds
to identify essential biomolecular species, such as nucleic acids, proteins, lipids and car-
bohydrates. Peak identification was guided by established reference materials33. The
corresponding abundance maps were visualised as morphochemical images showing the
spatial distribution of the obtained chemical components to study organoids’ morphology
and biochemical composition.

Further technical details regarding data acquisition, preprocessing and unmixing analysis
are presented in the following section.

5.3 Methods and Materials

5.3.1 Organoid culture and preparation
Neural organoids were grown using a protocol for unguided differentiation based on pre-
vious work from Lancaster et al.7 (Figure 5.2). Human embryonic stem cells (WA09,
WiCell) were cultured feeder-free on hES-qualified Matrigel (354277, Corning) coated
plates in a 5% CO2 incubator at 37°C. mTeSR1 medium (STEMCELL Technologies) was
used for daily cell maintenance according to manufacturer instructions.

To generate neural organoids, cells were dissociated into single cells using Accutase
(STEMCELL Technologies), resuspended in mTeSR1 supplemented with 50 µm Y-27632
(S1049, Selleck Chemicals) and 1% (v/v) Penicillin/Streptomycin (15140122, Thermo
Fisher Scientific), and then added to an ultra-low-binding 96-well plate (Corning) at 9000
cells/150 µm per well. On day 3, 100 µm of the media was removed and 150 µm fresh
mTeSR1 containing 1% (v/v) Penicillin/Streptomycin was added. From day 5 onwards,
media was changed to neural induction (NI) media, composed of Dulbecco’s Modified Ea-
gle Medium (DMEM)/F12 (Thermo Fisher Scientific) supplemented with 1 µm/mL hep-
arin (Sigma-Aldrich), 1% (v/v) Penicillin/Streptomycin, 1%(v/v) GlutaMAX (Thermo
Fisher Scientific), 1% (v/v) N2 supplement (Thermo Fisher Scientific), and 1% (v/v)
MEM-NEAA (Thermo Fisher Scientific). On day 10, organoids were embedded in Ma-
trigel (354234, Corning) and transferred to 10 cm petri dishes. From day 12 to day 18,
the culture medium was switched to Improved-A medium consisting of a 1 : 1 mixture of
DMEM/F12 and Neurobasal Medium (Thermo Fisher Scientific) supplemented with 1%
(v/v) Penicillin/Streptomycin, 1% (v/v) B27 supplement without vitamin A (Thermo
Fisher Scientific), 1% (v/v) GlutaMAX, 0.5% (v/v) N2 supplement, 1/4000 (v/v) insulin
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Figure 5.2: Schematic diagram of organoid culture. Neural organoids were grown using a protocol
for unguided differentiation based on previous work from Lancaster et al.7. Created in BioRender.com.

(I9278, Sigma-Aldrich), 0.5% (v/v) MEM-NEAA, and 1 mg/mL sodium bicarbonate.
Organoids were fed with fresh Improved-A medium every 3 days – i.e. on days 12 and
15. From day 18 onwards, the petri dishes were placed on an orbital shaker, and the
culture medium was replaced with Improved+A medium consisting of a 1 : 1 mixture
of DMEM/F12 and Neurobasal Medium (Thermo Fisher Scientific) supplemented with
1% (v/v) Penicillin/Streptomycin, 2% (v/v) B27 supplement with vitamin A (Thermo
Fisher Scientific), 1% (v/v) GlutaMAX, 0.5% (v/v) N2 supplement, 1/4000 (v/v) in-
sulin (I9278, Sigma-Aldrich), 0.5% (v/v) MEM-NEAA, 1 mg/mL sodium bicarbonate,
and 0.07 mg/mL vitamin C.

Organoids were fixed at days 5, 10, 20, 30 and 40 in 4% (w/v) paraformaldehyde (PFA)
overnight at 4°C, then rinsed three times with PBS (Thermo Fisher Scientific). Fixed
organoids were then immobilised in 1% (w/v) agarose for Raman imaging.

To prepare the organoid slices for Raman imaging or immunostaining, the organoid tissues
were cryosectioned. Briefly, fixed organoid tissues were first incubated in 30% sucrose at
4°C for a day on a roller mixer, then transferred into Tissue-Tek O.C.T. Compound
(Sakura Finetek USA), gently swirled, and incubated for 5 minutes. The tissues were
then frozen in a cryomold filled with Tissue-Tek O.C.T. For the two cryosections prepared
for RS imaging, this was achieved using the technique for high-throughput cryoprocessing
previously reported by Reumann et al.476. Compound to form cryoblocks containing the
frozen organoids. The cryoblocks were subsequently sectioned into 20 µm slices using a
CryoStar NX70 Thermo Cryostat, and collected on positively charged cryoslides. The
tissue sections were dried for at least 3 hours before being stored at -20°C or used for
downstream analysis (fluorescence microscopy and Raman microspectroscopy).

Credits: Organoid culture was performed by Dr Ruoxiao Xie, Dr Daniel Reumann and
Xiaoyu Zhao.
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5.3.2 Immunofluorescence staining and microscopy
For immunostaining, microscopy slices were washed in PBS for 5 minutes to wash off
residual OCT, then permeabilised and blocked in PBS containing 0.3% (v/v) Triton X-
100 (Thermo Fisher Scientific) and 5% (w/v) BSA (Thermo Fisher Scientific) for 0.5–1.5
hours at room temperature. Primary and secondary antibodies were diluted in PBS
containing 0.1% (v/v) Triton X-100 and 5% (w/v) BSA. Primary antibody solutions
were incubated with the slices overnight at 4°C, followed by three rinses in PBS, and
three washes with PBS-T (PBS+0.01% TX100) for 10–15 minutes on a slow rotating
orbital shaker at room temperature. Secondary antibody solutions were then added and
incubated for 2 hours at room temperature. Extended information about the primary and
secondary antibodies used for immunostaining is provided in Table D.1 and Table D.2 in
Appendix D, respectively. Cell membranes were labelled using DiO (BT60011, Biotium) –
a fluorescent lipophilic dye – which was added to the secondary antibody solution. DAPI
(4’,6-diamidino-2-phenylindole) (Thermo Fisher Scientific), diluted 1 : 1000 in PBS, was
used to stain nuclei for 7 minutes. After this, slides were rinsed three times in PBS,
and washed twice in PBS-T and once in PBS for 10–15 minutes on a slowly rotating
orbital shaker. Stained organoid slices were then mounted using fluorescent mounting
media (S302380-2, Agilent DAKO) or FluoroSave (Millipore). Fluorescent images were
acquired using a Leica SP8 confocal microscope and a Nikon TI-2 widefield fluorescent
microscope, and processed in FIJI.

Credits: Immunofluorescence staining and microscopy were performed by Dr Ruox-
iao Xie and Dr Daniel Reumann. Ellena O’Keeffe assisted with immunostaining of one
organoid cryosection.

5.3.3 Raman microspectroscopy
Raman spectroscopy measurements were performed using a confocal Raman microscope
(alpha300 R, WITec GmbH) equipped with a 532 nm solid-state laser (WITec GmbH).
Laser power at the sample plane was set to about 48 mW for organoid cryosections or
32 mW for intact samples. Backscattered light was collected through a water immersion
objective – 20× (Zeiss W N-Achroplan, N.A.= 0.5) for organoid cryosections or 63×
(Zeiss W Plan-Apochromat, N.A.= 1) for intact samples, and delivered via a 10 µm
single-mode silica fiber to an imaging spectrograph (Newton, Andor Technology Ltd)
with a 600 groove/mm grating and a thermoelectrically cooled CCD detector (−60°C).
The system provided a spectral resolution of ∼ 2–3 cm−1 over the wavenumber range 0–
3670 cm−1. Spectra were acquired with pixel sizes in x and y and step sizes in z ranging
from 1 µm to 10 µm, and an integration time of 0.5 seconds.
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Credits: RS data collection was performed by Dr Ruoxiao Xie, Dr Daniel Reumann
and Xiaoyu Zhao. Kevin Giraldo Rodriguez assisted with RS imaging of one organoid
cryosection.

5.3.4 Spectral preprocessing of Raman imaging data
Acquired Raman spectroscopy measurements were exported as MATLAB files using the
WITec Project FIVE Suite software and loaded in Python using RamanSPy. Following
this, each scan was individually preprocessed using RamanSPy as follows: (1) spectral
cropping whereby wavenumbers less than 300 cm−1 were removed; (2) cosmic rays re-
moval, using the algorithm reported by Whitaker and Hayes159, with a kernel size m = 3
and z-value threshold τ = 6; (3) denoising with a third-order Whittaker smoother162

with λ = 103; (4) baseline correction with asymmetric least squares165 with λ = 105; and
(5) vector normalisation. Normalisation was applied on a pixel-wise basis for the col-
lected timepoint data to account for depth-dependent signal attenuation. Global vector
normalisation was applied to the rest of the data, where intensity values were divided
by the ℓ2-norm of the spectrum with the highest norm in the given scan. Addition-
ally, wavenumber calibration was applied to the two cryosection scans by calculating the
median position of the laser peak (Rayleigh scattering) and setting it to zero.

5.3.5 Hyperspectral unmixing analysis
Chemometric analysis was performed using a custom autoencoder neural network model
designed for blind hyperspectral unmixing, following the approach developed in Chap-
ter 4.

The encoder comprised two separate blocks applied sequentially. The first part was a
multi-branch convolutional block comprising four parallel convolutional layers with kernel
sizes of 5, 10, 15 and 20, designed to capture patterns at multiple spectral scales. Each
convolutional layer contained 32 filters with ReLU activation, He initialisation544 and
‘same’ padding. Batch normalisation545 and dropout with a rate of 0.2538 were applied
to each convolutional layer to improve training stability and generalisation. The outputs
of the four convolutional layers were merged channel-wise through a fully connected layer
to yield an output of dimension matching that of the input spectrum. The rationale
behind this was to transform intensity values into representations that capture local
spectral features (e.g. peak shape, width, local neighbourhood) and thus promote better
generalisability. The second part of the encoder was a fully connected dimensionality
reduction block, applied to learn patterns between the learnt spectral features. This
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block comprised a series of fully connected layers of sizes 256, 128, 64 and 32 with
He initialisation and ReLU activation. Batch normalisation and dropout (rate of 0.5)
were also applied at each fully connected layer. The block was followed by a final fully
connected layer (Xavier uniform initialisation546) that reduced the final 32 features to
a latent space of size n. The number n was treated as a hyperparameter that encodes
the number of endmembers to extract, with latent representations treated as abundance
fractions. To improve interpretation, non-negativity was enforced in the latent space
using a ‘softly-rectified’ hyperbolic tangent function f(x) = 1

γ
log(1 + eγ∗tanh(x)), with

γ = 10, as in Chapter 4. This ensured that latent values were constrained to the range
(0, 1) in accordance with the abundance non-negativity constraint, but does not enforce
abundances to sum to one (abundance sum-to-one constraint).

The decoder consisted of a single fully connected layer (Xavier uniform initialisation)
mapping the n-dimensional latent space representations back to the original spectral
dimension b. In this layer, a linear activation was used and no bias term. Under this
setup, the decoder mimics linear unmixing, where endmember signatures are encoded in
the learnt weight matrix of the decoder layer, as discussed in Chapter 4. A non-negative
kernel constraint was used to enforce the non-negativity of endmember signatures using
weight clipping during training. To accelerate model training, the weight matrix in the
linear decoder layer was initialised before training using endmember signatures derived
with vertex component analysis235.

Autoencoder models were trained for 5 epochs using the Adam optimiser539 with a batch
size of 32. The learning rate was set to 0.001 for the two cryosection scans and subcellular
day-10 scan, or 0.003 for all other data. An exponential learning rate decay was used to
ensure stable convergence, applying a factor of 0.9 to the learning rate after each epoch.
The training loss L was defined as a weighted sum of the mean squared error (MSE) and
spectral angle divergence (SAD) between input spectra x and output reconstructions x̂:

L(x, x̂) = SAD(x, x̂) + λ MSE(x, x̂), (5.1)

with a weighting factor λ = 1000. Similarly to Chapter 4, MSE and SAD were defined
as:

MSE(x, x̂) = 1
b
||x − x̂||2, (5.2)

with b denoting the dimension of x (i.e. the number of spectral bands), and

SAD(x, x̂) = arccos ( x · x̂
∥x∥2 ∥x̂∥2

). (5.3)

The number of endmembers to derive was estimated individually for each scan/dataset
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of interest using principal component analysis. Specifically, the cumulative explained
variance was computed as a function of the number of principal components and manually
selected the number of components at the point where the increase in explained variance
visually plateaued.

Autoencoder model implementation, training and evaluation steps were carried out us-
ing TensorFlow516. Analysis with baseline chemometric methods was performed using
RamanSPy.

5.4 Label-free imaging in intact cerebral organoids via
deep learning-enhanced Raman microspectroscopy
The capabilities of the platform were investigated using Raman imaging data from neural
organoids cultured in-house, as discussed in Section 5.3. Brightfield microscopy revealed
spherical neural organoid samples reaching about 1–2 mm in size after 20 days in culture
(Figure 5.3A). Furthermore, fluorescence microscopy showed characteristic morphology
with neural rosettes readily visible on day 20 (Figure 5.3B).

As a demonstration of the Raman imaging platform, volumetric Raman imaging was
performed on a tissue region within an intact day-20 neural organoid. Specifically, a z-
stack was acquired with an axial step size of 10 µm in z (organoid depth), with each layer
representing an 80×80 imaging scan with a lateral pixel size of 5 µm in the x-y plane. Five
consecutive layers along the z-axis were used for unmixing analysis, covering tissue areas
up to approximately 70 µm deep into the sample. Figure 5.3C shows the intensity profile
at 1659 cm−1 of one of the five layers after preprocessing, a band associated with proteins
(amide I) and lipids (C=C stretching), along with an exemplar tissue spectrum before
and after preprocessing. Although the overall outline of the organoid was visible, finer
structures were difficult to resolve using univariate analysis of single Raman bands. Note
that a slightly more aggressive baseline correction was intentionally applied; while this
caused minor overcorrection of the water O–H stretching peaks in the high wavenumber
region (3000–3500 cm−1), it facilitated more accurate reconstruction of smaller, more
relevant peaks in the fingerprint region (300–1800 cm−1) during downstream unmixing,
likely due to the weighting effect of the reconstruction loss.

To address this issue, multivariate hyperspectral unmixing was performed using the devel-
oped deep learning-enhanced Raman microspectroscopy pipeline. The analysis yielded six
tissue-specific spectral endmembers, which were characterised via peak assignment into
major biomolecular classes based on characteristic Raman vibrations in the fingerprint
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Figure 5.3: Deep learning-enhanced Raman microspectroscopy enables label-free in situ
biochemical imaging in intact neural organoids in 2D and 3D. A, Brightfield image of a rep-
resentative day-20 neural organoid sample. Scale bar: 500 µm. Image acquired by Dr Ruoxiao Xie.
B, Fluorescence microscopy image of a representative day-20 neural organoid sample – full organoid
sample (left), and a zoomed-in region (right), with staining markers for apical domains (PKCζ), neu-
ral progenitor cells (SOX2) and nuclei (DAPI). Arrow indicates the lumen of a present neural rosette.
Scale bar: 200 µm. Image acquired by Dr Ruoxiao Xie. C, Snapshot of collected volumetric Raman
imaging data from an intact day-20 neural organoid, showing the intensity profile at the 1659 cm−1 band
(proteins and lipids) of a selected z-layer (left), and a representative tissue spectrum before and after
preprocessing (right). Arrow indicates the lumen of a present neural rosette. Scale bar: 100 µm. Raw
RS data acquired by Dr Ruoxiao Xie and Xiaoyu Zhao. D–G, Results of hyperspectral unmixing anal-
ysis. D, Derived tissue-specific endmember signatures – whole wavenumber range (left) and fingerprint
region only (right). Endmembers scaled for visualisation purposes (maximum intensity set to 1). E–F,
Corresponding abundance maps for the same z-layer as in C, including single-channel images (E) and
representative multi-channel images (F). Arrow indicates the lumen of the neural rosette shown in F.
Scale bar: 100 µm. G, Volumetric abundance reconstruction of two selected endmembers linked to lipid-
and nucleic acid-rich species. Assembled in BioRender.com.

region 300 cm−1 to 1800 cm−1 (Figure 5.3D; full unmixing data are available in Figure D.1
in Appendix D). The corresponding abundance maps were visualised as morphochemical
images of the scanned organoid sample (Figure 5.3E–F). Endmember 1 (red) exhibited
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a spectral signature characteristic of protein species, with prominent peaks at 1010 cm−1

(phenylalanine), 1233 cm−1 (amide III), 1346 cm−1 (CH deformation), 1470 cm−1 (CH2

bending, C=N stretching) and 1666 cm−1 (amide I). The abundance map showed broad
distribution throughout the organoid tissue, likely corresponding to cytoplasmic regions.
Slightly increased intensity was observed around a structure resembling the apical do-
main of a neural rosette, possibly indicating membrane-associated protein structures.
Endmember 2 (green) was characterised by strong lipid-associated peaks at 1313 cm−1

(CH2/CH3 twisting), 1450 cm−1 (CH2 bending) and 1659 cm−1 (C=C stretching), suggest-
ing the presence of lipid-rich compartments such as cellular membranes and lipid bodies.
This component was similarly broadly distributed across the tissue, with increased signal
in the outer layers of the sample, and around the apical domain of the neural rosette,
forming a radially oriented pattern. Endmember 3 (blue) displayed main nucleic acid
vibrations, including 787 cm−1 (O–P–O stretching) and 1095 cm−1 (PO2

– groups), along-
side protein-related peaks at 1005 cm−1, 1251 cm−1, 1455 cm−1 and 1661 cm−1. This is
consistent with cell nuclear regions, which is further supported by visual inspection when
overlaid with the abundance maps of endmembers 1 and 2. Endmembers 4 (grey) and
5 (yellow) presented less conventional profiles, suggesting more complex biomolecular
mixtures. Endmember 4 included peaks at 1021 cm−1 (glycogen), 1243 cm−1 (proteins)
and 1671 cm−1 (proteins/lipids), and its spatial distribution overlapped with that of end-
member 3. Endmember 5 displayed a noisier spectrum, with higher abundance within the
interior of the organoid. Prominent peaks were associated to proteins (574 cm−1, tryp-
tophan/cytosine; 860 cm−1, C–C stretching; 1215 cm−1, amide III) and carbohydrates
(1024 cm−1, glycogen; 1372 cm−1, CH deformation). Lastly, endmember 6 (magenta)
showed a broadly distributed component, with bands related to proteins (1254 cm−1,
1328 cm−1, 1460 cm−1 and 1649 cm−1) and nucleic acids (1098 cm−1).

Beyond 2D imaging, the approach also enables biochemical analysis in three dimensions.
To illustrate this, a volumetric rendering of the imaged organoid was generated by overlay-
ing the two derived components related to lipid-rich (endmember 2) and nucleic acid-rich
(endmember 3) species as markers of nuclear and membrane regions, respectively. The
reconstruction, displayed in Figure 5.3G, allowed the visualisation and analysis of the
three-dimensional organisation and architecture of the imaged organoid tissue, including
that of the present neural rosette (rosette lumen indicated with an arrow in Figure 5.3C).
The derived organoid image using RS showed characteristic morphology, correlated with
fluorescence microscopy (Figure 5.3B), yet was achieved without exogenous labelling or
tissue sectioning. This demonstrates that the Raman-based imaging platform can effec-
tively delineate organoid composition in situ and generate 2D and 3D morphochemical
maps of key biochemical species in intact neural organoid samples in a fully label-free
manner. Building on this proof of concept, the chapter proceeds to higher-resolution
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Figure 5.4: Collection of paired Raman imaging and fluorescence microscopy data from
neural organoid cryosections for validation. A, Schematic diagram of validation strategy, which
involved the collection of paired Raman imaging and fluorescence microscopy data from neural organoid
cryosections. B–C, Collected data from two day-30 neural organoid cryosections. left, Brightfield image
of the sectioned neural organoid tissue region imaged using Raman spectroscopy (blue) and fluorescence
microscopy (red). middle, Raman intensity profile at the 1659 cm−1 band (linked to proteins and lipids).
right, Fluorescence microscopy images with markers for nuclei (DAPI), membranes (DiO), neural pro-
genitors (SOX2) and neurons (TUJ1). Scale bars: 100 µm. Brightfield images, fluorescence microscopy
data and raw RS data acquired by Dr Daniel Reumann. Created/assembled in BioRender.com.

Raman imaging in the following sections.
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5.5 Experimental validation and optimisation against flu-
orescence microscopy
To further validate that the method produces accurate morphochemical organoid re-
constructions, its performance against fluorescence microscopy and standard methods
for hyperspectral RS analysis was evaluated. To this end, defined tissue regions within
two day-30 neural organoid cryosections were imaged using confocal Raman microspec-
troscopy, followed by immunostaining and fluorescence microscopy (Figure 5.4). Raman
imaging was performed first to avoid potential signal interference from staining molecules.
To ensure morphological diversity, areas containing both distinct neural rosette structures
and surrounding neural tissue were selected for downstream imaging. Raman imaging
was performed over areas of 600 µm×600 µm and 400 µm×400 µm from the two respec-
tive sections, with a pixel size of 2 µm. Subsequently, the organoid sections were stained
for nuclei (DAPI), cell membranes (DiO), neural progenitor cells (SOX2) and neurons
(TUJ1), and fluorescence microscopy images were taken to validate and correlate with
organoid morphology predicted by RS.

5.5.1 Qualitative validation using paired fluorescence microscopy
and Raman imaging data from a neural organoid cryosection

Using the autoencoder-based pipeline, the acquired RS data from the first organoid sec-
tion were analysed to infer its biochemical composition. Figure 5.5A shows the four tissue-
specific components extracted, which were associated with contributions from lipids, nu-
cleic acids and proteins (full unmixing data are available in Figure D.2 in Appendix D).
Endmember 1 (green) presented a lipid-rich spectral signature with distinct peaks at
1307 cm−1, 1455 cm−1, and 1663 cm−1. Its abundance was consistent with membrane
structures, including cellular membranes and the apical domain of the visible neural
rosette. The signal of this endmember showed a high degree of visual overlap with DiO
and TOJ1. Endmember 2 (blue) displayed a nucleic acid-rich profile with a prominent
band at 783 cm−1, alongside vibrations linked to proteins (1338 cm−1, 1472 cm−1 and
1668 cm−1). Strong glass signal was also observed around 570 cm−1 and 1100 cm−1. The
abundance map revealed well-defined, spherical compartments, closely resembling cell
nuclei, with increased density within the present neural rosette structure. Endmembers 3
(red) and 4 (grey) shared similar spectral signatures, dominated by protein-associated
peaks around ∼1010 cm−1, ∼1100 cm−1, ∼1265 cm−1, ∼1320 cm−1, ∼1460 cm−1, and
∼1670 cm−1. Both endmembers were generally broadly distributed across the sample.
Endmembers 3 showed increased signal at the apical domain of the present rosette, po-
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Figure 5.5: Raman imaging of a neural organoid cryosection produces reconstructions
aligned with fluorescence microscopy. A, Result of hyperspectral unmixing analysis on data from
a day-30 neural organoid cryosection. left, Derived tissue-specific endmember signatures. Endmembers
scaled for visualisation purposes (maximum intensity set to 1). right, Corresponding abundance maps.
Scale bar: 100 µm. B, Side-by-side comparison of fluorescence microscopy images of DAPI (nuclei) and
DiO (membranes) (left), and RS-based abundance reconstructions of nucleic acid and lipids derived with
the developed autoencoder pipeline (right). Arrow indicates the lumen of the present neural rosette.
Scale bar: 100 µm. C, Overlaid images of DAPI and endmember associated with nucleic acids (2-N).
Scale bars: 25 µm. Fluorescence microscopy images and raw RS data acquired by Dr Daniel Reumann.
Assembled in BioRender.com.

tentially suggesting structural proteins. The abundance of endmember 4 was increased
within the rosette structure.

Figure 5.5B shows a side-by-side comparison between the predicted abundance maps of
the two endmembers related to nucleic acid-rich and lipid-rich species and the correspond-
ing fluorescence microscopy images of nuclei (DAPI) and cell membranes (DiO), respec-
tively. The RS imaging pipeline accurately reconstructed individual nuclei, aligning with
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Figure 5.6: Effect of endmember initialisation on autoencoder performance. Unmixing results
obtained with: (i) vertex component analysis (VCA), (ii) the developed autoencoder model without
VCA initialisation, and (iii) the autoencoder model with VCA initialisation. A, Derived endmembers.
B, Derived abundances. Abundance images were normalised for visualisation purposes. Scale bar:
100 µm (bottom right, marked in orange). Raw RS data acquired by Dr Daniel Reumann. Assembled in
BioRender.com.

the DAPI staining across the imaged tissue (Figure 5.5C). It also effectively captured
important membrane features, including both fine cellular membranes and prominent
structures such as the apical domain of the visible neural rosette. Qualitatively, strong
correspondence between the lipid-rich component obtained with RS and the DiO signal
was observed around the apical domain of the rosette and with the TUJ1 signal outside
the rosette (see Figure 5.4B).

5.5.2 Pipeline optimisation, ablation studies and comparison with
standard unmixing methods

Having shown that the method accurately reconstructs key cellular components in cryosec-
tioned neural organoid samples, the data collected from the second organoid section were
used to perform a series of comparative analyses evaluating different configurations of
the autoencoder-based pipeline. These included endmember initialisation strategies (Fig-
ure 5.6) and variations in training losses (Figure 5.7). Based on these results, initialisation
with vertex component analysis (VCA)235 was found to be beneficial despite the added
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computational cost, yielding cleaner endmember spectra and more accurate abundance
maps. Additionally, the custom loss function combining MSE and SAD, defined in Equa-
tions 5.1–5.3, was selected for subsequent experiments, as it provided a good balance
between reconstruction fidelity and spectral discrimination.

Following this, the unmixing performance of the developed approach was compared
against a range of standard chemometric methods for multivariate analysis (Figure 5.8).
This included methods for dimensionality reduction (PCA, NMF), clustering (k-means),
and hyperspectral unmixing (N-FINDR and VCA for endmember identification, with
NNLS for abundance estimation). PCA yielded a single tissue-specific component – its
first principal component – that effectively captured the overall tissue architecture. The
remaining components displayed convoluted abundances with high uniform background
signals and negligible biochemical specificity. In contrast, NMF identified three distinct
endmembers, resembling major molecular species such as protein-rich, lipid-rich and nu-
cleic acid-rich components. However, it was unable to resolve finer biochemical features
beyond these primary categories. K-means clustering showed limited biochemical inter-
pretability, segmenting the data into different tissue regions, possibly due to intensity
variation instead of meaningful compositional components. More specialised unmixing
techniques such as N-FINDR+NNLS exhibited serious susceptibility to artefacts, pro-
ducing multiple abundance maps with isolated “noisy” pixels. Beyond one general tissue-
level component, N-FINDR+NNLS failed to resolve distinct cellular structures such as
nuclei or membranes. VCA+NNLS demonstrated improved performance relative to N-
FINDR+NNLS, producing five distinct abundance maps that captured features such as
nuclei, the apical domain of the imaged neural rosette and potentially cytoplasmic re-
gions. Nonetheless, some artefacts and shading inconsistencies persisted – for instance,
within the nuclear component (channel 6), which displayed a strong signal in the up-
per field that markedly diminished toward the bottom. By comparison, the developed
AE offered improved robustness to artefacts and noise and produced more discriminative
and interpretable abundance maps, enabling better-delineated imaging reconstruction of
organoid morphology. The derived components are characterised in the following section.

5.5.3 Raman imaging of a second neural organoid cryosection
Figures 5.9A shows the six tissue-specific endmembers derived by the AE pipeline, which
were characterised as lipid-, nucleic acid- and protein-rich species (full unmixing data are
available in Figure D.3 in Appendix D). Visual examination of the estimated abundance
maps revealed major cellular and subcellular features, including membranes, nuclei, cy-
toplasmic regions and apical domains of neural rosettes (Figure 5.9B). Endmember 1
(green) exhibited a lipid-rich profile with prominent peaks at 1313 cm−1, 1452 cm−1,
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Figure 5.7: Effect of training loss on autoencoder performance. Losses tested include: mean
squared error (MSE), modified Euclidean547, Pearson’s correlation coefficient (PCC), spectral angle
divergence (SAD)517, squared first-difference Euclidean cosine (SFEC)548, and a custom loss based
on a combination of MSE and SAD. Abundance images were normalised for visualisation purposes.
Endmember signatures displayed on the right correspond to the analyses performed with a random seed
set to 42. Scale bar: 100 µm (bottom right, marked in orange). Raw RS data acquired by Dr Daniel
Reumann. Assembled in BioRender.com.
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Figure 5.8: Comparative analysis of different chemometric methods on Raman imaging
data from a neural organoid cryosection. Methods include: principal component analysis (PCA),
non-negative matrix factorisation (NMF), k-means clustering, N-FINDR + non-negative least squares
(NNLS), vertex component analysis (VCA) + NNLS, and the developed autoencoder (AE) pipeline.
Abundance images were normalised for visualisation purposes. Endmember signatures displayed on the
right correspond to the analyses performed with a random seed set to 42. Scale bar: 100 µm (bottom
right, marked in orange). Raw RS data acquired by Dr Daniel Reumann. Assembled in BioRender.com.
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Figure 5.9: Hyperspectral unmixing analysis of a second neural organoid cryosection. Anal-
ysis of a day-30 neural organoid cryosection (Section 2 ). A, Derived tissue-specific endmember signa-
tures. Endmembers scaled for visualisation purposes (maximum intensity set to 1). B, Corresponding
abundance maps. Scale bar: 100 µm. Raw RS data acquired by Dr Daniel Reumann. Assembled in
BioRender.com.

and 1666 cm−1. The corresponding abundance map presented morphological architec-
ture consistent with membrane-like structures, including individual cellular membranes
and the apical domain of the present neural rosette. Endmember 2 (blue) displayed
a strong nucleic acid band at 794 cm−1, alongside several vibrations linked to protein
species (1354 cm−1, 1463 cm−1 and 1669 cm−1), as well as bands attributed to the glass
slide at (581 cm−1 and 1102 cm−1). The abundance map revealed well-defined, spherical
compartments, closely resembling cell nuclei. Endmembers 3 (red), 4 (grey) and 5 (yel-
low) exhibited similar spectral signatures, dominated by protein-associated peaks around
∼1015 cm−1, ∼1100 cm−1, ∼1265 cm−1, ∼1330 cm−1, ∼1460 cm−1, and ∼1670 cm−1. End-
member 4 showed a broad spatial distribution, likely corresponding to cytoplasmic or gen-
eral background tissue signal. Endmembers 3 and 5, which showed a more pronounced
1460 cm−1 band, and an increased signal near the edge of the tissue section, likely due
to tissue curling, as well as the basal domains of the present neural rosettes. Endmem-
ber 6 (magenta) presented a noisier signature, with prominent protein-associated peaks
at 1131 cm−1 (C–N stretching), 1274 cm−1, and 1366 cm−1 (tryptophan). Its spatial dis-
tribution showed substantial overlap with that of Endmember 4.

5.5.4 Quantitative validation against fluorescence microscopy
To quantitatively assess the performance of the autoencoder-based pipeline, the image
similarity between Raman-based reconstructions and fluorescence microscopy images was
evaluated in an overlapping organoid region. To this end, the two modalities were spa-
tially aligned and the Pearson’s correlation coefficient (Pearson) and structural similar-
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Figure 5.10: Autoencoder-based unmixing enables more accurate morphochemical Raman
imaging of neural organoids as validated against fluorescence microscopy. Analysis of a day-30
neural organoid cryosection (Section 2 ). Side-by-side comparison of fluorescence microscopy images of
DAPI (nuclei) and DiO (membranes) (left), and RS-based abundance reconstructions of nucleic acid and
lipids derived with three methods for Raman imaging, including univariate analysis, unmixing analysis
with VCA and NNLS, and the autoencoder pipeline. Similarity metrics, namely Pearson’s correlation
coefficient (Pearson) and structural similarity index measure (SSIM), were performed with respect to
the respective downscaled fluorescence images. The highest achieved similarity scores are indicated
by underlined bold text. Arrow indicates the lumen of the present neural rosette. Scale bar: 50 µm.
Fluorescence microscopy images and raw RS data acquired by Dr Daniel Reumann. Created/assembled
in BioRender.com.

ity index measure (SSIM)549 were computed between RS-derived abundance maps of
nuclei and membranes and fluorescence images of DAPI and DiO, respectively. The
performance of the AE-based method was benchmarked against two conventional chemo-
metric approaches: (i) univariate analysis, and (ii) multivariate hyperspectral unmixing
using VCA and NNLS. Univariate analysis was performed using the intensity profiles
at 794 cm−1 and 1454 cm−1, which were found to be indicative of nuclear and lipid-rich
membrane regions, respectively (Figure 5.9A).

Univariate analysis using the 794 cm−1 band yielded nuclear reconstructions which were
generally aligned with the DAPI signal. However, visual inspection revealed irregular
structures, which impeded the precise localisation of individual nuclei (Figure 5.10, right,
first column). Major membrane structures, such as the apical domain of the imaged
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rosette, were also recovered via the 1454 cm−1 band, yet finer membrane features were
not visually discernible, obscured by high background and non-specific signal. This could
be attributed to the overlap with vibrations of proteins in the same spectral range or non-
specific intensity variations due to acquisition or preprocessing settings, underscoring the
need for more robust multivariate chemometric approaches550. Multivariate unmixing
analysis with VCA and NNLS showed low reconstruction accuracy, with further reduced
Pearson and SSIM scores compared to univariate analysis for both nuclei and membranes
(Figure 5.10, right, second column). Visually, nuclear reconstructions were similarly
non-distinct, with poorly defined nuclei. Moreover, while major membrane structures
like the apical domain of the present rosette were recovered with higher specificity, finer
membrane features were consistently undetected. By contrast, as shown in Figure 5.10
(right, third column), the autoencoder-based pipeline achieved the highest reconstruction
accuracy across all evaluations – both quantitatively, with superior Pearson and SSIM
scores, and qualitatively, with more interpretable and biologically relevant output. Nu-
clear regions were recovered with higher accuracy, with visually better-defined nuclei and
lower non-specific signal. Membrane-associated structures were also more clearly delin-
eated, enabling the visualisation of both large-scale features such as apical domains and
individual cellular membranes.

5.5.5 Robustness to experimental noise
Furthermore, the AE approach demonstrated improved robustness to experimental noise,
maintaining consistent reconstruction quality under reduced denoising conditions. In
comparison, the performance of conventional methods deteriorated markedly, yielding
noisier, less interpretable spectral components and abundance profiles, or failing to con-
verge to a solution during unmixing altogether (Figure 5.11).
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Figure 5.11: Comparative analysis of different chemometric methods in the presence of
higher degrees of experimental noise. Higher noise levels were simulated by applying a more
conservative denoising procedure with a second-order Savitzky-Golay filter with a window size of 7.
Methods include: principal component analysis (PCA), non-negative matrix factorisation (NMF), k-
means clustering, N-FINDR + non-negative least squares (NNLS), vertex component analysis (VCA) +
NNLS, and the developed autoencoder (AE) pipeline. One of the analyses with VCA+NNLS failed to
converge, with the NNLS implementation terminating after exceeding the maximum number of iterations.
Abundance images were normalised for visualisation purposes. Endmember signatures displayed on the
right correspond to the analyses performed with a random seed set to 42. Scale bar: 100 µm (bottom
right, marked in orange). Raw RS data acquired by Dr Daniel Reumann. Assembled in BioRender.com.
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5.6 Biochemical imaging in intact neural organoids at
subcellular resolution
After demonstrating that the developed method achieves accurate subcellular imaging of
2D cryosectioned neural organoid tissue, higher-resolution Raman imaging was performed
of a tissue region within an intact 3D neural organoid. The ability to resolve and visualise
subcellular structures in intact organoid tissues in their native environment is critical
for interrogating important neurodevelopmental processes, such as nuclear positioning,
polarity establishment and lumen formation, and studying their effect on brain tissue
organisation, architecture and function.

To this end, a larger 400 × 346 Raman imaging scan was acquired with 1 µm pixel
size from an intact day-10 neural organoid sample (Figure 5.12A). Using the Raman
imaging pipeline, the data were analysed and six tissue-specific components were iden-
tified. The spectral endmembers and corresponding abundance maps are presented in
Figure 5.12B and Figure 5.12C, respectively (full unmixing data are available in Fig-
ure D.4 in Appendix D). Endmember 1 (red) exhibited a lipid-rich profile with promi-
nent peaks at 1077 cm−1 (C–C and C–O stretching, phospholipids), 1305 cm−1, 1448 cm−1

and 1657 cm−1. Its abundance map outlined membrane-like structures, along with more
confined bright spots resembling lipid droplets. Endmember 2 (grey) was characterised
by vibrations associated with both protein and lipid species, with peaks at 1000 cm−1,
1124 cm−1 (C–C and C–N stretching), 1249 cm−1, 1311 cm−1, 1454 cm−1 and 1654 cm−1.
Its abundance was observed in regions partially overlapping with membranes, as well as in
isolated domains, possibly indicating cytoplasmic or extracellular matrix compartments.
Endmember 3 (blue) was marked by strong nucleic acid bands at 790 cm−1 and 1095 cm−1,
alongside protein-associated bands at 1005 cm−1, 1249 cm−1, 1328 cm−1, 1455 cm−1 and
1659 cm−1. As in previous analyses, the abundance map revealed well-defined spherical
compartments consistent with individual cell nuclei. Endmember 4 (green) presented
a distinct protein-rich signature with peaks at 1005 cm−1, 1251 cm−1, 1454 cm−1 and
1662 cm−1, along with vibrations associated with ring breathing modes in nucleic acid
bases at 1573 cm−1. The abundance map highlighted cellular-level compartments re-
sembling cytoplasmic regions, as well as small punctate structures within nuclei with
high signal intensity, potentially corresponding to biomolecular condensates. Endmem-
ber 5 (yellow) displayed a mixed profile comprising bands linked to proteins (1259 cm−1,
1326 cm−1, 1453 cm−1 and 1662 cm−1) and nucleic acid (1095 cm−1). This component
appeared more diffusely distributed, with substantial spatial overlap with endmember 3.
Endmember 6 (purple) presented a noisier signature, with carbohydrate-associated bands
at 493 cm−1 (glycogen), 850 cm−1 (C–O–C skeletal mode, glycogen) and 938 cm−1 (C–
C stretching), along with peaks linked to proteins and nucleic acids at 754 cm−1 and
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Figure 5.12: Biochemical imaging in intact neural organoids at subcellular resolution. A,
Snapshot of collected Raman imaging data from an intact day-10 neural organoid sample, showing the
intensity profile at the 1659 cm−1 band (proteins and lipids). Scale bar: 50 µm. Raw RS data acquired by
Dr Ruoxiao Xie and Xiaoyu Zhao. B–E, Results of hyperspectral unmixing analysis. B, Derived tissue-
specific endmember signatures. Endmembers scaled for visualisation purposes (maximum intensity set to
1). C, Corresponding abundance maps. Scale bar: 50 µm. D, Zoomed-in abundance images of a selected
area (area marked in C, bottom right panel). Scale bar: 20 µm. E, Further zoomed-in abundance image
(area marked in D). Scale bar: 10 µm. Raw RS data acquired by Dr Ruoxiao Xie and Xiaoyu Zhao.
Assembled in BioRender.com.

1103 cm−1. The abundance overlapped with endmember 4, particularly around nuclear
condensates, potentially reflecting glycoproteins within cell nuclei.

To further inspect the spatial reconstructions produced by the developed imaging pipeline,
magnified fields from selected regions within the imaged organoid tissue were examined
(Figures 5.12D–E). The resulting reconstructions revealed consistent, well-defined cellular
features, which delineated individual cells and subcellular structures resembling nuclei,
cytoplasmic regions, cellular membranes and nuclear condensates.

These results demonstrate the effectiveness of the developed imaging platform across
scales and resolutions, which resolved complex biochemical heterogeneity and interrogated
key morphological features at cellular and subcellular scales in a single, label-free imaging
modality.
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5.7 Volumetric in situ imaging of a neural rosette within
an intact neural organoid
Extending the subcellular imaging analysis to 3D, volumetric in situ imaging of a neural
rosette structure within an intact neural organoid was performed using the developed
pipeline.

Neural rosettes are important organisational units during neural organoid development,
which recapitulate key aspects of neural tube formation in the embryonic central nervous
system551. They typically form within the first two weeks of neural induction and ap-
pear as radially organised, layered structures composed primarily of neuroepithelial cells
at early stages. As development progresses, these progenitor cells give rise to differen-
tiated neural lineages, including neurons and glial cells. To illustrate this, fluorescence
microscopy of a day-20 neural organoid tissue section was performed, with markers for nu-
clei (DAPI), neurons (MAP2), neural progenitor cells (SOX2) and apical domain (PKCζ).
The resulting images, shown in Figure 5.13A, revealed multiple neural rosettes with char-
acteristic radial structure. An abundance of neural progenitor cells was observed densely
organised within the rosettes, with surrounding layers of differentiating neurons.

Following this, the Raman-based imaging platform was used to investigate whether it
could visualise and analyse the structure of a neural rosette without the need for tis-
sue sectioning and exogenous labelling. To this end, a volumetric RS scan of a neural
rosette within an intact day-20 neural organoid was acquired, consisting of five imag-
ing slices in z (organoid depth), with each slice measuring 95 × 95 pixels with a pixel
size of 2 µm. Figure 5.13B displays the intensity profile at the 1659 cm−1 peak (pro-
teins and lipids) of one of the collected layers, outlining a characteristic neural rosette
structure. The autoencoder-based unmixing analysis yielded six tissue-specific compo-
nents (Figure 5.13C–D; full unmixing data are available in Figure D.5 in Appendix D).
Endmember 1 (red) presented a lipid-rich profile with prominent peaks at 874 cm−1

(phospholipids), 1295 cm−1 (CH2 deformation), 1445 cm−1 and 1659 cm−1. The corre-
sponding abundance map highlighted structures resembling cellular membranes and lipid
bodies. Endmember 2 (grey) contained features associated with proteins and lipids,
with peaks at 1005 cm−1, 1300 cm−1, 1450 cm−1, 1550 cm−1 (C=C stretching, trypto-
phan) and 1659 cm−1. Its signal overlapped with that of endmember 1, appearing in
membrane-like regions, but also extended into the cell interior, possibly indicating cyto-
plasmic and structural proteins. Endmember 3 (blue) showed a distinct nuclear signa-
ture, with nucleic acid-associated vibrations at 787 cm−1 and 1095 cm−1, along protein
bands at 1254 cm−1, 1336 cm−1, 1453 cm−1 and 1666 cm−1. This component exhibited
strong nuclear specificity, outlining well-defined spherical compartments consistent with
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Figure 5.13: Volumetric in situ biochemical imaging of a neural rosette within an intact
neural organoid. A, Fluorescence microscopy images of a day-20 neural organoid tissue section, show-
ing characteristic neural rosette structures, with markers for nuclei (DAPI), neurons (MAP2), neural
progenitor cells (SOX2) and apical domains (PKCζ). Arrows indicate the lumens of developed neural
rosettes. Scale bar: 100 µm. Images acquired by Dr Ruoxiao Xie. B, Snapshot of collected volumetric
Raman imaging data from an intact day-20 neural organoid sample (selected z-layer), showing the inten-
sity profile at the 1659 cm−1 band (proteins and lipids). Arrow indicates the lumen of the present neural
rosette. Scale bar: 50 µm. Raw RS data acquired by Dr Ruoxiao Xie and Xiaoyu Zhao. C–E, Results of
hyperspectral unmixing analysis. C, Derived tissue-specific endmember signatures. Endmembers scaled
for visualisation purposes (maximum intensity set to 1). D, Corresponding abundance maps for a rep-
resentative z-layer. Arrow indicates the lumen of the present neural rosette, as also shown in B. Scale
bar: 50 µm. E, Image reconstructions of selected endmember components at different depths in z. Scale
bar: 50 µm. Assembled in BioRender.com.

individual cell nuclei. Endmembers 4 (green) and 5 (yellow) shared similar spectral fea-
tures dominated by protein-related peaks around ∼1005 cm−1, ∼1100 cm−1, ∼1255 cm−1,
∼1335 cm−1, ∼1453 cm−1 and ∼1660 cm−1, suggesting general protein composition. End-
member 6 (magenta) displayed a less conventional, noisier profile with peaks at 696 cm−1

(potentially related to cholesterol), 765 cm−1 (pyrimidine ring breathing in nucleic acids),
850 cm−1 (C–O–C skeletal mode in carbohydrates, glycogen) and 1313 cm−1 (CH2/CH3
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twisting in lipids and collagens, or guanine in nucleic acid). This component was gen-
erally broadly distributed, with some confined regions with higher abundance intensity.
Lastly, endmember 7 (cyan) showed a signature well-aligned with mitochondria, featuring
peaks associated with cytochrome c at 749 cm−1, 1122 cm−1 and 1582 cm−1, alongside
protein-related bands at 1005 cm−1, 1246 cm−1, 1331 cm−1, 1458 cm−1 and 1664 cm−1.
This component was observed in cytoplasmic regions, in proximity to nuclei, consistent
with intracellular localisation of mitochondria.

To examine the three-dimensional structure of the scanned rosette, the abundance maps
of the derived lipid-rich (endmember 1), protein-rich (endmember 2) and nucleic acid-rich
(endmember 3) components were overlaid across all five z-layers. The resulting images,
presented in Figure 5.13E, demonstrated that the proposed imaging pipeline can effec-
tively reconstruct key subcellular features – such as individual cellular membranes and
nuclei – across all five imaging scans, enabling the interrogation of cellular architecture
and organisation within the intact neural rosette in both 2D and 3D.

5.8 Tracing changes in biochemical composition during
early neurodevelopment in intact neural organoids
During maturation, neural organoids recapitulate key stages of early human brain de-
velopment, including the formation of distinct progenitor zones and the emergence of
layered neural architectures11,12,377,552. To better understand the biochemical dynamics
accompanying tissue differentiation and organisation, the developed imaging pipeline was
used to trace changes in organoid composition during neural organoid development.

To this end, Raman imaging data were acquired from organoid samples at five develop-
mental time points – days 5, 10, 20, 30 and 40 (Figure 5.14). In total, 72 Raman imaging
scans were collected from organoids cultured in three independent culture batches using
stem cells at different passage numbers. Scan numbers ranged between 11 and 17 per
time point (Figure 5.15A). Each scan represented a 20 × 160 image across the outermost
tissue layers, which normally contain the most metabolically active and viable cells553,554.
Measurements were acquired with a lateral pixel size of 5 µm in the x-y plane and an axial
step size of 10 µm along the z-axis, thereby imaging up to 800 µm across and 200 µm deep
into the organoid samples.

Scans were preprocessed and hyperspectral unmixing analysis was performed. For quanti-
tative analysis, manual background segmentation was performed using the derived abun-
dance reconstructions as a reference. The obtained binary masks were used to (i) discard
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Figure 5.14: Timepoint analysis of intact neural organoids: Study design. The schematic
illustrates the conducted timepoint study, depicting data acquisition (left) and analysis (right). Created
in BioRender.com.

background pixels by setting abundance values in the background area to zero for all chan-
nels, and (ii) estimate the relative tissue portion in each scan. Scans with an organoid
area below 30% were not used for the subsequent quantitative analysis to avoid poten-
tial biasing towards components in the outer tissue layers. In total, six scans out of the
available 72 were discarded (Figure 5.15B). Finally, the mean abundance of endmembers
was calculated for each scan and normalised by the organoid area.

Hyperspectral unmixing analysis yielded eight tissue-specific endmember species, shown
in Figure 5.16A (full unmixing data are available in Figure D.6 in Appendix D). The
corresponding abundance profiles were analysed to examine relative biochemical trends
across developmental groups. Figure 5.16B displays the mean abundance of each compo-
nent across time points, after background removal and area normalisation. Endmember 1
(red) exhibited a distinct lipid-rich spectral profile, characterised by prominent peaks at
1303 cm−1, 1448 cm−1 and 1656 cm−1, and appeared broadly distributed with high abun-
dance across all organoids and time points (Figure 5.17A). Still, distinct spatial and tem-
poral variations in its distribution across time points were observed. On day 5, the signal
appeared relatively homogeneous, with slightly elevated intensity in small compartments
near the outer layers. By day 10, its intensity increased markedly, particularly around
the inner layers and surface. The high abundance in early time points may reflect shifts
in lipid metabolism during early neurogenesis, in line with previous findings that lipid
accumulation is essential for neural stem/progenitor cell activity and proliferation555.
Following this, a sharp decline in signal was observed in day 20 organoids, where dis-
crete, localised regions of elevated intensity emerged, likely corresponding to developed
neural rosette structures. Between days 30 and 40, the signal progressively recovered,
once again displaying a more uniform and widespread distribution. This gradual recov-
ery may be linked to the expansion and functional maturation of neuronal populations,
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Figure 5.15: Preparation of timepoint Raman data for quantitative analysis. A, Intensity
slices across the 1659 cm−1 band (linked to proteins and lipids) of the collected Raman imaging scans.
Images were normalised for visualisation purposes. Scale bar: 100 µm (top left). B, Annotated organoid
masks, along with estimated tissue portions. Scans with tissue areas smaller than 30% were not included
in quantitative analysis (marked with a red cross). Raw RS data acquired by Dr Ruoxiao Xie and Xiaoyu
Zhao. Assembled in BioRender.com.
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Figure 5.16: Tracing changes in biochemical composition during early neurodevelopment
in intact neural organoids. Results of hyperspectral unmixing analysis. A, Derived tissue-specific
endmember signatures. Endmembers scaled for visualisation purposes (maximum intensity set to 1). B,
Quantitative analysis of the corresponding abundances over time. Sample sizes: day 5 (n = 12), day 10
(n = 14), day 20 (n = 10), day 30 (n = 15), day 40 (n = 15) from N = 3 independent organoid culture
batches. C, Abundance reconstructions of selected organoid samples across the five timepoint groups.
Arrows indicate structures resembling developed neural rosettes. Scale bars: 100 µm. Raw RS data
acquired by Dr Ruoxiao Xie and Xiaoyu Zhao. Created/assembled in BioRender.com.

which rely on lipids not only as essential structural components of membranes but also as
signalling molecules with key regulatory functions556,557. This is further supported by the
observation that lipid-rich endmembers are well co-localised with TUJ1-positive regions
– a marker of neurons (see Figures 5.4B and Figures 5.5A). In contrast, endmember 2
(green) presented a mixed spectral profile, with peaks linked to cytochrome c (757 cm−1,
1129 cm−1, 1575 cm−1) and proteins (1344 cm−1, 1455 cm−1). This signature suggested
regions enriched in mitochondria, and showed an abundance profile with an inverted U-
shaped trajectory, gradually increasing from day 5 to day 20, followed by a decline at later
time points. Despite these temporal changes, the spatial distribution remained generally
uniform across the organoid tissue throughout the sampled time course. Endmember 3
(blue) comprised vibrational features associated with nucleic acids (781 cm−1, 1098 cm−1,
1580 cm−1) and proteins (1005 cm−1, 1251 cm−1, 1326 cm−1, 1458 cm−1, 1664 cm−1), likely
corresponding to cytoplasmic and nuclear regions. Its abundance was generally stable
across developmental stages, with a slight downward trend. A similar progression was
reported by Bruno et al., who observed a gradual decrease in nucleic acid and protein
features in maturing cortical organoids508. Visually, this component was highly abundant
across all organoid samples, with a generally uniform distribution throughout organoids,
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and slightly elevated intensity in the outer tissue layers (Figure 5.17B).

Endmembers 4–8 exhibited less conventional spectral profiles, with lower relative abun-
dance predominantly present in deeper organoid regions (Figure D.6C). They shared
similar developmental trajectories, each showing a gradual increase in abundance over
time. While prominent peaks within these endmembers allow for tentative biochemical
assignments, further validation is required to determine whether these components re-
flect representative biological features, or traces arising from higher noise levels in deeper
tissue due to depth-dependent signal attenuation. As such, the interpretation of these
endmembers warrants extra caution. To reflect this uncertainty, these five endmem-
bers are left unassigned in the analysis. Nevertheless, they are retained to enable accu-
rate calculation of the abundance of components 1–3, which represent the primary, well-
characterised biological signals in this study. Endmember 4 (grey) featured two bigger
peaks at 1675 cm−1 and 1788 cm−1, likely attributable to protein species, and a smaller
peak 1525 cm−1, potentially indicating contributions from carotenoids (C–C and C=C
stretching). Endmember 5 (cyan) was characterised by distinct protein-related peaks at
1010 cm−1, 1103 cm−1, 1241 cm−1, 1318 cm−1 and 1450 cm−1. Endmembers 6 (magenta)
and 7 (yellow) exhibited noisier profiles, featuring multiple, less-defined peaks. Some
of the more pronounced vibrations included peaks at 820 cm−1, 836 cm−1, 1176 cm−1

and 1341 cm−1, all related to proteins. Lastly, endmember 8 (brown) showed a single
dominant peak at 849 cm−1, potentially corresponding to the C–O–C skeletal vibrations
of saccharides. Bruno et al. reported a similar peak around 850 cm−1 as a prominent
predictive marker of cortical organoid maturation, showing a significant, progressive in-
crease between weeks 6 and 20508. The authors attributed this feature to glycogen and
associated its rise with metabolic changes accompanying neuronal differentiation.

To illustrate the dynamic morphochemical composition of neural organoids during early
neurodevelopment, spatial reconstructions of selected biochemical components were fur-
ther generated across organoid samples at different developmental stages. Specifically,
abundance images were produced without background removal, after scaling the data by a
factor of 2 in z (organoid depth) to achieve an equal effective pixel size of 5 µm in x-y and
z, and thus provide a more accurate depiction of the organoid morphology and dimen-
sions. Figure 5.16C displays the created reconstructions of representative samples from
each of the five time points, highlighting the two selected components associated with
lipids, and proteins and nucleic acids, respectively (see Figure D.6C in Appendix D for
other components). These visualisations enabled us to trace the evolving spatial organi-
sation and architecture of neural organoids across their development, providing insights
into neural organoid maturation and further supporting the quantitative trends observed
in Figure 5.16B.
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Figure 5.17: Abundance images of the two most abundant endmembers across timepoint
Raman spectroscopy scans. A, Abundance images of endmember 1 (lipid-rich). Scale bar: 100 µm
(top left). B, Abundance images of endmember 3 (protein- and nucleic acid-rich). Images were not
normalised. Scans excluded from quantitative analysis are marked with a white cross. Raw RS data
acquired by Dr Ruoxiao Xie and Xiaoyu Zhao. Assembled in BioRender.com.

These results serve as proof of concept of the feasibility of label-free, RS-based biomolec-
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ular tracking of spatiotemporal dynamics in intact neural organoids during development.

5.9 Conclusion
In this chapter, a method for non-invasive, label-free organoid imaging was developed
based on Raman microspectroscopy combined with unsupervised autoencoder-based hy-
perspectral analysis. Experiments showed that the proposed approach is effective at dis-
cerning key biochemical components in unlabelled Raman spectroscopy measurements,
enabling 2D and 3D visualisation of structural and morphological features in both cryosec-
tioned and intact neural organoids and at different scales and resolutions. Using the
imaging platform, structural and biochemical features of early neurodevelopment in neu-
ral organoids were studied, and the ability to image neural rosettes within intact organoid
samples in three dimensions was demonstrated. Furthermore, changes in the biomolec-
ular composition of intact neural organoids during early developmental stages were in-
terrogated, observing distinct spatiotemporal dynamics as organoids mature in major
biomolecular classes, including lipids, proteins and nucleic acids. By eliminating the
need for destructive preparation steps and external labels, the developed workflow offers
simpler sample preparation that does not compromise organoid integrity, with potential
for live-organoid analysis.

Data Availability
The research data supporting this chapter will be made available upon publication of the
associated manuscript.

Code Availability
The codebase and scripts developed for the analyses presented in this chapter will be
made available upon publication of the associated manuscript. To improve accessibility,
a user-friendly, no-code platform will also be provided.
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Chapter 6

Discussion

6.1 Thesis achievements
This thesis addresses key challenges in Raman spectroscopy and organoid analysis by ad-
vancing the methodological and computational toolkit of RS chemometrics and demon-
strating the potential of RS combined with deep learning for non-invasive, label-free
biochemical imaging in neural organoids. The main contributions are:

• Open-source software platform for RS data analysis. Released RamanSPy,
an integrated, open-source Python framework that standardises RS workflows and
improves accessibility, reproducibility and interoperability. It streamlines day-to-
day analysis, supports the development of methods and protocols, and facilitates
the integration of advanced data analytics.

• Deep learning framework for RS chemometrics. Developed autoencoder
models for hyperspectral unmixing that achieved improved qualitative and quanti-
tative analysis across synthetic and experimental data compared to standard base-
lines (e.g. VCA+NNLS). The models and curated benchmark datasets were openly
released to facilitate fair validation, comparison and future innovation in RS chemo-
metrics.

• Platform for label-free organoid imaging via non-invasive RS. Established
an unsupervised RS imaging pipeline that integrates Raman microspectroscopy with
deep learning-based hyperspectral unmixing for spatially resolved analysis in com-
plex organoid samples. This enabled non-invasive, label-free biochemical mapping
in intact neural organoids at subcellular resolution.

• Volumetric imaging and spatiotemporal analysis in intact neural organoids.
Demonstrated in situ volumetric imaging of a neural rosette within a neural organoid,
and investigated changes in biochemical composition during early developmental
stages, revealing spatiotemporal variations in lipids, proteins and nucleic acids.
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Overall, this thesis demonstrates the feasibility of RS combined with deep learning for
label-free biochemical imaging and analysis in complex, three-dimensional neural organoid
systems. It establishes a versatile methodological framework for high-content biochemical
phenotyping that enables non-invasive interrogation of chemical composition, spatial or-
ganisation and temporal variations in intact organoids with minimal sample preparation
and without prior knowledge of specific targets and the use of exogenous labels. In doing
so, the work positions RS as a practical characterisation technique for organoid research
and related areas, with potential for live-organoid analysis under physiologically relevant
conditions.

6.2 Broader significance
By expanding the analytical toolkit for organoid analysis, this work opens new oppor-
tunities for studying brain development, neurological disorders and drug discovery. The
application of RS imaging to neural organoid models could enable further research into
self-organisation and tissue morphogenesis during early neurodevelopment, disease aetiol-
ogy and pathogenesis in patient-derived models, and drug response and distribution anal-
ysis within intact tissues. The developed infrastructure and the downstream applications
it supports represent an important step toward establishing organoids as experimental
and preclinical platforms, with the potential to deepen our understanding of human brain
development, neurological diseases, and accelerate translational discovery.

Beyond its biological applications, this thesis also contributes to more open and repro-
ducible research practices in RS. The released software and datasets offer accessible re-
sources that support standardisation, methodological innovation and validation. By re-
ducing reliance on specialised, proprietary tools, the work broadens access to spectroscopy-
based analysis for researchers both within and beyond traditional spectroscopy. In this
way, it encourages interdisciplinary research at the interface of spectroscopy, chemical
analysis and machine learning, fostering collaboration and community-driven innovation.

A testament to this impact is the rapid adoption of the developed tools across scientific
research. Since its release, RamanSPy has gained substantial traction and supported re-
search across diverse areas, including cell biology558, cancer research559, microbiology560,
materials science561, environmental sciences562,563, mineralogy564, geology565,566 and plan-
etary science567,568. It has also facilitated methodological advances in both software569,570

and hardware development571. As of January 2026, it has been downloaded close to
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50,000 times∗ and has attracted strong community engagement on GitHub, including 160
stars and numerous contributions through raised issues and pull requests. Similarly, the
unmixing autoencoders developed in Chapter 4 have already been applied in other do-
mains, such as vaccine development572. The created benchmark datasets have also been
adopted for algorithm development and validation573–575. To further extend its accessi-
bility, the end-to-end RS imaging pipeline presented in Chapter 5 will also be released
as a user-friendly, open-source tool, allowing researchers to run predictions on their own
data with minimal coding requirements. Building on their demonstrated impact, these
resources aim to continue driving innovation, fostering new research and broadening the
applications of RS across science and technology.

6.3 Limitations
Despite the progress achieved in advancing RS and organoid imaging, several method-
ological and conceptual limitations persist.

Scope of RamanSPy. As previously discussed, RamanSPy provides a comprehensive
suite of tools for spectral analysis, spanning data loading, handling, preprocessing, anal-
ysis and visualisation (Table B.1 in Appendix B.1). Nevertheless, given the breadth of
methods and workflows in RS, several algorithms and procedures were not included in
the initial release – for example, methods for calibration, outlier detection and peak fit-
ting. Owing to its modular design, it is anticipated that community contributions will
continue to extend its scope, incorporating new methods, algorithms, datasets and other
resources as the field evolves. This can also include the integration of advanced AI tech-
niques, tighter coupling with experimental setups and complementary software, and the
development of graphical user interfaces.

Interpretability and failure modes of autoencoders. This thesis demonstrates that
unmixing AEs can effectively capture (bio)chemically relevant spectral features, with val-
idation across synthetic data, sugar mixtures and complex biological systems such as cells
and organoids. Nevertheless, as with many unsupervised neural network methods, mech-
anistic interpretability remains limited. It is generally unclear how features are encoded,
what biochemical or structural properties they relate to, or under what conditions re-
constructions fail. Future work should focus on benchmarking AE performance against
well-characterised datasets, systematically analysing failure modes, and elucidating the
mechanisms by which latent representations emerge. Such efforts will be essential for en-

∗According to statistics by pepy.tech: https://pepy.tech/projects/ramanspy.
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suring trustworthiness, particularly in the context of quantitative interpretation. Other
aspects to be explored include data requirements for stable AE performance and sensi-
tivity to hyperparameter tuning.

Endmember characterisation. As with other unmixing approaches, endmember char-
acterisation in this work remains largely manual. While derived endmembers were as-
signed using established Raman bands, some peak assignments remain ambiguous due to
the inherent biochemical complexity of neural organoids and possible depth-dependent
signal attenuation. Although partial automation is possible through library searches and
related HQI methods, these remain limited in scope: they cannot enumerate all possible
molecular species and are highly sensitive to variations in experimental conditions, ac-
quisition parameters and instrumentation. Future work integrating Raman imaging with
complementary modalities may help to resolve such ambiguities and strengthen both
qualitative and quantitative interpretation.

6.4 Future research directions
The methods and tools developed in this thesis open up numerous avenues for future
research. They represent flexible frameworks that can be extended and repurposed across
a wide range of applications, which could further strengthen, broaden and translate this
work. Several key directions for future work are outlined below

Expanding applications in neural organoid research. The natural extension of
this work is to broaden its applications within neural organoid research. Future studies
could extend this line of research and investigate cell type differences, self-organisation,
tissue morphogenesis, patterning and region-specific organisation. In addition to neu-
rodevelopment, the approach can also be applied to disease models of neurodegeneration,
cancer and neurodevelopmental disorders, as well as to the analysis of drug distribution
and response in intact organoids. To this end, further validation under varied imag-
ing parameters, culture conditions and sample preparations will be essential to establish
robustness and reproducibility.

Integration with advanced RS modalities toward real-time imaging and anal-
ysis. In this study, spontaneous RS was used to validate the developed pipeline under
stable, reproducible conditions using fixed neural organoids. Although inherently time-
consuming, spontaneous RS offers high spectral resolution and chemical specificity, and
is more broadly accessible than faster, more advanced RS modalities – making it well-
suited for method development and benchmarking. Importantly, the presented unmixing
analysis framework is also compatible with emerging broadband coherent Raman scat-
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tering modalities, which can achieve video-rate imaging over wide spectral ranges576. For
example, Vernuccio et al. recently reported a microscopy system based on coherent anti-
Stokes Raman scattering spectroscopy (CARS) capable of full-spectrum acquisitions over
large fields of view at millisecond dwell times577. This corresponds to acquisition speeds
2–3 orders of magnitude faster than standard spontaneous Raman settings (e.g. approx-
imately 500 times faster than the integration time of 0.5 seconds used for the Raman
imaging data presented in Chapter 5), thereby reducing recording times for large imag-
ing scans from hours/days to minutes. Vernuccio et al. demonstrated that, combined
with standard methods for unmixing (N-FINDR+NNLS), their system enabled rapid bio-
chemical imaging and analysis of cells and tissues577. In this context, spectral unmixing
remains a key step in the analysis pipeline, and integrating the methods developed here
with more advanced RS techniques could allow fast imaging and analysis with improved
chemical accuracy. In particular, this could enable real-time, label-free phenotyping and
monitoring of live organoids, further advancing their use as preclinical platforms for pre-
cision medicine and high-throughput drug screening. In the long term, these advances
could feed into fully automated, closed-loop experimental platforms combining real-time
RS acquisition, deep learning-based analysis and experimental control for self-driving
laboratories.

To demonstrate the applicability of the approach to advanced RS modalities, the AE-
based unmixing pipeline was further applied to full-spectrum CARS data from a HepG2
human liver cancer cell from the work of Vernuccio et al. 577 . Its performance was com-
pared to that of the original approach based on N-FINDR combined with NNLS. Fig-
ure 6.1 shows that the AE method developed here yields visually improved abundance
reconstruction of lipids, proteins and nucleic acids, offering clearer delineation of individ-
ual nuclei and other cellular organelles.

Modelling spatial correlations in Raman imaging data. In many imaging appli-
cations, and particularly in biological samples such as organoids and tissues, adjacent
pixels share correlated biochemical features. However, most spectral unmixing methods,
including the AEs presented in this thesis, treat each spectrum independently and thus
disregard the underlying spatial organisation of chemical species. Explicitly modelling
these dependencies could improve the accuracy and robustness of unmixing, especially
under low-SNR conditions or when distinguishing subtle spectral differences. Traditional
approaches often ignore spatial context for reasons of scalability and tractability, but
neural network architectures offer more flexible alternatives. For instance, incorporating
2D or 3D convolutional layers into the encoder of an unmixing AEs could enable spatially
aware representations that capture these correlations while maintaining computational
efficiency. Recently, Luo et al. applied a similar strategy in the context of RS classifica-
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Figure 6.1: Hyperspectral unmixing analysis of broadband CARS imaging data from a
cancer cell. Side-by-side comparison of N-FINDR+NNLS and the developed AE-based pipeline applied
to broadband CARS data from a HepG2 human liver cancer cell (500 µm pixel size, 1 ms pixel dwell
time). Scale bar: 20 µm. Preprocessed CARS data from Vernuccio et al. 577 , provided by Dr Arianna
Bresci. Assembled in BioRender.com.

tion578; however, its use in unsupervised unmixing remains unexplored and represents a
promising avenue for future research.

More powerful unmixing AE models. Beyond spatial dependencies, unmixing AEs
provide a versatile framework that can be extended in several other directions. Future
research could investigate more advanced, non-linear decoder models243, beyond the bilin-
ear model tested in Figure 4.5C. Another opportunity includes further exploring training
objectives more closely tailored to spectral reconstruction548, expanding on the analy-
sis presented in Figure 5.7, as well as encoder architectures for improved representation
learning, such as variational models, deeper attention-based networks, and stacked or
denoising autoencoders533,535.

Automatic estimation of the number of endmembers. As with conventional meth-
ods (e.g. N-FINDR, VCA), the number of endmembers to extract remains a hyperparam-
eter that must be carefully specified and optimised in the AE learning process. In practice,
this is often inferred from prior knowledge or visual inspection a posteriori. Future work
could address this limitation by incorporating sparsity regularisation or disentanglement
strategies into the latent space of unmixing AEs, constraining the number of active di-
mensions and allowing the model to infer the effective number of components needed for
reconstruction automatically. Such approaches could reduce bias, shorten optimisation
times and enable more data-driven discovery of (bio)chemical features, particularly in
exploratory analyses of unknown or heterogeneous samples.

Feature extraction for downstream applications. Another promising area is the use
of AEs as a pre-training or feature extraction strategy, potentially in combination with
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other AI-based approaches (e.g. deep learning models for denoising209). Beyond imaging,
the unsupervised representations learned by unmixing AEs could serve as informative
features for downstream tasks, such as organoid phenotyping, disease classification and
drug response modelling. Building on this, the development of foundation models for
RS based on unmixing AEs trained on diverse experimental datasets warrants further
investigation579. Other research directions include transfer learning, and multimodal
integration with complementary data types such as spatial transcriptomics or fluorescence
microscopy.

Generalising to other samples and modalities. While this thesis focused on neural
organoids, the imaging framework presented here can also be applied to other types of
samples, including other types of organoids, tissues, and even non-biological specimens.
Furthermore, while the focus of this thesis has been on RS and the unique requirements
and challenges inherent to Raman data, many of the tools and methods developed here
could be adapted to other spectroscopic modalities, such as IR and UV-vis spectroscopy.

6.5 Closing remarks
This thesis reflects the growing interest in both RS and organoid technology within the
biomedical sciences and the need for more accessible, robust and well-integrated work-
flows for RS chemometrics in this context. It establishes a foundation for exciting future
research at the intersection of organoids, label-free Raman imaging and deep learning.
Looking ahead, the contributions of this thesis aim not only to deliver tools and methods,
but also to promote a broader mindset of openness and interdisciplinarity. Such prin-
ciples will be essential as ML and data-driven discovery become increasingly central to
understanding complex biological systems, with usability, transparency and modularity
key to maximising impact and ensuring that these advances benefit the wider scientific
community. It is my hope that others will build upon these ideas, further advancing the
tools introduced in this work and pushing the boundaries of what spectroscopy can reveal
about living systems and beyond.
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Cantin, Kevin Petrecca, Frédéric Leblond, and Daniel C Côté. Rise of Raman spectroscopy in
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Krafft, and Jürgen Popp. Molecular pathology via IR and Raman spectral imaging. Journal of
biophotonics, 6(11-12):855–886, 2013.

[107] Damien Traynor, Isha Behl, Declan O’dea, Franck Bonnier, Siobhan Nicholson, Finbar O’connell,
Aoife Maguire, Stephen Flint, Sheila Galvin, Claire M Healy, et al. Raman spectral cytopathology
for cancer diagnostic applications. Nature Protocols, 16(7):3716–3735, 2021.

[108] Jin-Chao Dong, Xia-Guang Zhang, Valent́ın Briega-Martos, Xi Jin, Ji Yang, Shu Chen, Zhi-Lin
Yang, De-Yin Wu, Juan Miguel Feliu, Christopher T Williams, et al. In situ Raman spectroscopic
evidence for oxygen reduction reaction intermediates at platinum single-crystal surfaces. Nature
Energy, 4(1):60–67, 2019.

[109] Khay M Tan, Ishan Barman, Narahara C Dingari, Gajendra P Singh, Tet F Chia, and Wee L Tok.
Toward the development of Raman spectroscopy as a nonperturbative online monitoring tool for
gasoline adulteration. Analytical chemistry, 85(3):1846–1851, 2013.

[110] Bernhard Zachhuber, Georg Ramer, Alison Hobro, Engelene t H Chrysostom, and Bernhard Lendl.
Stand-off Raman spectroscopy: a powerful technique for qualitative and quantitative analysis of
inorganic and organic compounds including explosives. Analytical and bioanalytical chemistry, 400
(8):2439–2447, 2011.

[111] Mingjin Wang, Nan Zheng, Defeng Zhao, Jing Shang, and Tong Zhu. Using Micro-Raman Spec-
troscopy to Investigate Chemical Composition, Mixing States, and Heterogeneous Reactions of
Individual Atmospheric Particles. Environmental Science & Technology, 55(15):10243–10254, 2021.

[112] Olof Svensson, Mats Josefson, and Frans W Langkilde. Reaction monitoring using Raman spec-
troscopy and chemometrics. Chemometrics and intelligent laboratory systems, 49(1):49–66, 1999.

[113] Melissa Assirelli, Weiyin Xu, and Wee Chew. Reactor kinetics studies via process Raman spec-
troscopy, multivariate chemometrics, and kinetics modeling. Organic Process Research & Devel-
opment, 15(3):610–621, 2011.

[114] Christian Hess. New advances in using Raman spectroscopy for the characterization of catalysts
and catalytic reactions. Chemical Society Reviews, 50(5):3519–3564, 2021.

[115] Lotfi Merad, M Cochez, Samuel Margueron, F Jauchem, M Ferriol, Boumediene Benyoucef, and
P Bourson. In-situ monitoring of the curing of epoxy resins by Raman spectroscopy. In New
Achievements in Materials and Environmental Sciences Names, pages 155–158. EDP Sciences,
2007.

[116] El-Sayed M Sherif, RM Erasmus, and JD Comins. In situ Raman spectroscopy and electrochemical
techniques for studying corrosion and corrosion inhibition of iron in sodium chloride solutions.
Electrochimica Acta, 55(11):3657–3663, 2010.

[117] Lajos Rimai, David Gill, and John L Parsons. Raman spectra of dilute solutions of some steroi-
somers of vitamin A type molecules. Journal of the American Chemical Society, 93(6):1353–1357,
1971.

[118] Pinkie J Eravuchira, Rasha M El-Abassy, Sagar Deshpande, Marius F Matei, Soni Mishra, Poonam
Tandon, Nikolai Kuhnert, and Arnulf Materny. Raman spectroscopic characterization of different

155



regioisomers of monoacyl and diacyl chlorogenic acid. Vibrational Spectroscopy, 61:10–16, 2012.
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Michel Bossoutrot. Raman spectroscopy–a powerful tool for the quantitative determination of the
composition of polymorph mixtures: application to caco3 polymorph mixtures. Chemical Engi-
neering & Technology: Industrial Chemistry-Plant Equipment-Process Engineering-Biotechnology,
29(2):221–225, 2006.

[120] Karen A Esmonde-White, Maryann Cuellar, and Ian R Lewis. The role of Raman spectroscopy in
biopharmaceuticals from development to manufacturing. Analytical and Bioanalytical Chemistry,
414(2):969–991, 2022.

[121] Stuart Farquharson, Chetan Shende, Frank E Inscore, Paul Maksymiuk, and Alan Gift. Anal-
ysis of 5-fluorouracil in saliva using surface-enhanced Raman spectroscopy. Journal of Raman
Spectroscopy: An International Journal for Original Work in all Aspects of Raman Spectroscopy,
Including Higher Order Processes, and also Brillouin and Rayleigh Scattering, 36(3):208–212, 2005.

[122] Marja Savolainen, Andrea Heinz, Clare Strachan, Keith C Gordon, Jouko Yliruusi, Thomas Rades,
and Niklas Sandler. Screening for differences in the amorphous state of indomethacin using mul-
tivariate visualization. European journal of pharmaceutical sciences, 30(2):113–123, 2007.

[123] Sarah Al-Dulaimi, Adeyinka Aina, and Jonathan Burley. Rapid polymorph screening on milligram
quantities of pharmaceutical material using phonon-mode Raman spectroscopy. CrystEngComm,
12(4):1038–1040, 2010.

[124] Karen A Esmonde-White, Maryann Cuellar, Carsten Uerpmann, Bruno Lenain, and Ian R Lewis.
Raman spectroscopy as a process analytical technology for pharmaceutical manufacturing and
bioprocessing. Analytical and bioanalytical chemistry, 409(3):637–649, 2017.

[125] Lynne S Taylor and Frans W Langkilde. Evaluation of solid-state forms present in tablets by
Raman spectroscopy. Journal of pharmaceutical sciences, 89(10):1342–1353, 2000.
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[171] Daniël Lakens. Calculating and reporting effect sizes to facilitate cumulative science: a practical

158



primer for t-tests and ANOVAs. Frontiers in psychology, 4:863, 2013.
[172] Karl Pearson. On lines and planes of closest fit to systems of points in space. The London,

Edinburgh, and Dublin philosophical magazine and journal of science, 2(11):559–572, 1901.
[173] Harold Hotelling. Analysis of a complex of statistical variables into principal components. Journal

of educational psychology, 24(6):417, 1933.
[174] Ian Jolliffe. Principal component analysis. In International encyclopedia of statistical science,

pages 1094–1096. Springer, 2011.
[175] Laurens van der Maaten and Geoffrey Hinton. Visualizing data using t-SNE. Journal of machine

learning research, 9(Nov):2579–2605, 2008.
[176] Leland McInnes, John Healy, and James Melville. Umap: Uniform manifold approximation and

projection for dimension reduction. arXiv preprint arXiv:1802.03426, 2018.
[177] James MacQueen. Some methods for classification and analysis of multivariate observations. In

Proceedings of the Fifth Berkeley Symposium on Mathematical Statistics and Probability, Volume
1: Statistics, volume 5, pages 281–298. University of California press, 1967.

[178] Stuart Lloyd. Least squares quantization in PCM. IEEE transactions on information theory, 28
(2):129–137, 1982.

[179] Robin Sibson. SLINK: an optimally efficient algorithm for the single-link cluster method. The
computer journal, 16(1):30–34, 1973.

[180] Martin Ester, Hans-Peter Kriegel, Jörg Sander, and Xiaowei Xu. A density-based algorithm for
discovering clusters in large spatial databases with noise. In Proceedings of the Second International
Conference on Knowledge Discovery and Data Mining, KDD’96, page 226–231. AAAI Press, 1996.

[181] David W Hosmer Jr, Stanley Lemeshow, and Rodney X Sturdivant. Applied logistic regression.
John Wiley & Sons, 2013.

[182] Suresh Balakrishnama and Aravind Ganapathiraju. Linear discriminant analysis – a brief tutorial.
Institute for Signal and information Processing, 18(1998):1–8, 1998.

[183] Corinna Cortes and Vladimir Vapnik. Support-vector networks. Machine learning, 20(3):273–297,
1995.

[184] Tin Kam Ho. Random decision forests. In Proceedings of 3rd international conference on document
analysis and recognition, volume 1, pages 278–282. IEEE, 1995.

[185] Douglas C Montgomery, Elizabeth A Peck, and G Geoffrey Vining. Introduction to linear regression
analysis. John Wiley & Sons, 2021.

[186] Paul Geladi and Bruce R Kowalski. Partial least-squares regression: a tutorial. Analytica chimica
acta, 185:1–17, 1986.

[187] Daniel D. Lee and H. Sebastian Seung. Learning the parts of objects by non-negative matrix
factorization. Nature, 401(6755):788–791, 1999.
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Thomas Lemonnier, Jean-Philippe Deslys, Frank Yates, Thibault Honegger, Jessica Rontard, and
Pierre-Antoine Vigneron. Towards a quality control framework for cerebral cortical organoids.
Scientific Reports, 15(1):29431, 2025.

[457] Job O de Jong, Ceyda Llapashtica, Matthieu Genestine, Kevin Strauss, Frank Provenzano, Yan
Sun, Huixiang Zhu, Giuseppe P Cortese, Francesco Brundu, Karlla W Brigatti, et al. Cortical
overgrowth in a preclinical forebrain organoid model of CNTNAP2-associated autism spectrum
disorder. Nature Communications, 12(1):4087, 2021.

[458] Maria Vinci, Sharon Gowan, Frances Boxall, Lisa Patterson, Miriam Zimmermann, William Court,
Cara Lomas, Marta Mendiola, David Hardisson, and Suzanne A Eccles. Advances in establishment
and analysis of three-dimensional tumor spheroid-based functional assays for target validation and
drug evaluation. BMC biology, 10(1):29, 2012.
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Appendix A

Classical derivation of Raman scattering
Classically, Raman scattering is explained through the interaction between the oscillating
electric field of incident light and the polarisability of a molecule580. When a molecule is
irradiated by an electromagnetic wave, the electric field E(t) induces a time-dependent
dipole moment µ(t) given by:

µ(t) = α(t)E(t), (A.1)

where E(t) = E0 cos(ω0t) is the electric field of the incident light at frequency ω0, and
α(t) is the molecular polarisability varying with the vibrational motion of the molecule.

As the molecule vibrates, its polarisability α(t) varies with time. Assuming small vibra-
tional displacements, this time dependence can be approximated by a first-order Taylor
expansion:

α(t) = α0 +
(

dα

dQ

)
Q(t), (A.2)

where α0 is the equilibrium polarisability, and Q(t) = Q0 cos(ωvt) represents the vibra-
tional displacement oscillating at frequency ωv.

Substituting into the expression for the dipole µ(t) yields:

µ(t) = α0E0 cos(ω0t)︸ ︷︷ ︸
Elastic (Rayleigh)

+
(

dα

dQ

)
Q0E0 cos(ωvt) cos(ω0t)︸ ︷︷ ︸

Inelastic (Raman)

. (A.3)

The first term, α0E0 cos(ω0t), describes a dipole oscillating at the same frequency as the
incident light and corresponds to elastic Rayleigh scattering.

The second term involves the product of two cosine functions, which can be expanded
using the identity:

cos(ωvt) cos(ω0t) = 1
2 [cos(ω0 + ωv)t + cos(ω0 − ωv)t] . (A.4)
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These two frequency components represent inelastic Raman scattering: the ω0 + ωv term
corresponds to anti-Stokes scattering, while ω0 − ωv corresponds to Stokes scattering.

Note that the second term only contributes if the derivative of the polarisability with
respect to the vibrational coordinate is non-zero, i.e.:

dα

dQ
̸= 0 ⇐⇒ Raman-active vibrational mode. (A.5)

This provides a condition for Raman activity: a vibrational mode is Raman-active and
produces scattered light at shifted frequencies only if it induces a change in the molecular
polarisability.
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Appendix B

RamanSPy: Supplementary information
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B.1 List of features in RamanSPy

Table B.1: Main features of RamanSPy (October 2025). Reproduced from
Georgiev et al. 509 , published by American Chemical Society, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.
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Common data format

• Single spectra

• Raman line scans

• Raman imaging data

• Volumetric Raman imaging data

• Collections of the above

Data loaders

• Built-in data loaders:

– WITec Suite (WITec)
– WiRE (Renishaw)
– OceanView (Ocean Insight)
– LabSpec (HORIBA)

• Interface for integration of new data loaders

Datasets

• Bacteria data100

• Volumetric THP-1 cell data74

• MDA-MB-231 cells data209

• COVID-19 data521,522

• Adenine data523

• Wheat lines data524

• RRUFF data525

• Synthetic data generator (Chapter 4)526

Continued on next page ...
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Table B.1 (continued)
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G

Built-in preprocessing methods

• Miscellaneous

– Spectral cropping
– Subtracting a fixed background signal

• Cosmic rays removal

– Whitaker-Hayes despiking159

• Denoising

– Savitzky-Golay filtering161

– Discrete Penalised Least Squares (Whittaker-Henderson smooth-
ing)162

– Kernel/window smoothers
– Gaussian denoising

• Baseline correction

– Asymmetric Least Squares (AsLS)165

– Improved Asymmetric Least Squares (IAsLS)166

– Adaptive Iteratively Reweighted Penalised Least Squares (air-
PLS)581

– Asymmetrically Reweighted Penalised Least Squares (arPLS)167

– Doubly Reweighted Penalised Least Squares (drPLS)582

– Improved Asymmetrically Reweighted Penalised Least Squares
(IarPLS)583

– Adaptive Smoothness Parameter Penalised Least Squares (as-
PLS)512

– Polynomial fitting
– Modified polynomial fitting163

– Improved modified polynomial fitting164

– Goldindec method584

– Iterative Reweighted Spline Quantile Regression (IRSQR)585

– Corner Cutting586

– Fully automatic baseline correction (FABC)168

Continued on next page ...
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Table B.1 (continued)
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Built-in preprocessing methods (continued)

• Normalisation/Scaling

– Vector normalisation
– Min-Max normalisation
– Max intensity normalisation
– Area-under-the-curve normalisation

• Interface for integration of custom algorithms

Preprocessing pipelines

• Interface for development of custom pipelines

• Built-in pipelines

– 3 preprocessing protocols used in Figure 3.3
– Protocol based on previous work by Bergholt et al. 513

Continued on next page ...
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Table B.1 (continued)
D

AT
A

A
N

A
LY

SI
S

Built-in analysis methods

• Decomposition:

– Principal component analysis (PCA)172–174

– Non-negative matrix factorisation (NMF)187

– Independent component analysis (ICA)587

• Clustering:

– k-means177,178

• Spectral unmixing:

– N-FINDR234

– Vertex component analysis (VCA)235

– Non-negative least squares (NNLS)192

– Fully constrained least squares (FCLS)236

Metrics

• Mean absolute error (MAE)

• Mean squared error (MSE)

• Root mean square deviation (RMSE)

• Spectral angle divergence (SAD)517

• Spectral Information Divergence (SID)518

AI/ML integration

• Interface with common AI & ML frameworks

Continued on next page ...
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Table B.1 (continued)
V

IS
U

A
LI

SA
T

IO
N

Spectra

• Collections of spectra

• Distributions of spectra

• Peak finding

Raman imaging data

• Image slices across specific spectral bands

• Spectra at specific locations

Volumetric Raman imaging data

• Volumetric slices across specific spectral bands

• Image slices of specific z-slices

• Spectra at specific locations
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B.2 RamanSPy manual
*Reproduced from Georgiev et al. 509 , published by American Chemical Society, under the CC BY 4.0

license (https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.

Installation
RamanSPy has been deposited in the Python Package Index (https://pypi.org/project/
ramanspy) and can thus be directly installed via the common package installer pip for
Python:

pip install ramanspy

To access the functionalities of the package after installation, users only need to import
RamanSPy in their Python scripts. One can import the whole package:

1 import ramanspy
2 # or import ramanspy as rp

or individual modules or methods:
1 # individual modules
2 from ramanspy import load , preprocessing
3

4 # individual methods
5 from ramanspy . analysis . unmix import NFINDR

Core infrastructure

Data management

Data in RamanSPy is represented by a set of custom data container classes based on
scalable, computationally efficient array programming based on numpy 588, which corre-
spond to different spectroscopic modalities. This includes the generic SpectralContainer
class, as well as the more specialised Spectrum, SpectralImage and SpectralVolume classes
representing single-point spectra (1D), imaging data (3D), and volumetric data (4D),
respectively. These classes define data-specific information and behaviour in the back-
ground to allow a smooth, user-friendly experience, regardless of the data of interest.

The containers can be initialised by providing the corresponding intensity data, the spec-
tral axis (in cm−1) and other relevant (meta) data. For instance:
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1 raman_spectrum = ramanspy . Spectrum ( intensity_data , spectral_axis , ∗args , ∗∗ kwargs )
2 raman_image = ramanspy . SpectralImage ( intensity_data , spectral_axis , ∗args , ∗∗ kwargs )

Once created, data containers can be manipulated, visualised, saved and loaded as needed
using the built-in tools in RamanSPy.

Note that for the most part, users would not need to manually populate these containers.
Instead, they can take advantage of the data loading functionalities that RamanSPy
provides.

Data loading

To support data loading, RamanSPy offers easy-to-use data loaders compatible with
experimental Raman spectroscopic data from a range of instrumental vendors in the area.
These loaders - available within ramanspy.load - automatically parse relevant data files
and return the appropriate spectral container. As an example, users can load MATLAB
files exported from WITec’s ProjectFOUR/FIVE software using the following command:

1 raman_object = ramanspy . load . witec(<PATH >)

A full list of the data loaders built into RamanSPy is available as part of the documenta-
tion of the package at https://ramanspy.readthedocs.io/en/latest/loading.html.

Raman data can also be loaded via established data-loading tools in Python. For instance,
one can use pandas 589 to load a spectrum from a .csv file with two columns storing the
intensity data and the spectral axis by using:

1 import pandas as pd
2

3 data = pd . read_csv ( csv_filename )
4 raman_spectrum = ramanspy . Spectrum ( data [ "<intensity_column >" ] , data [ "<axis_column >" ] )

Spectral preprocessing

Preprocessing logic in RamanSPy is defined by the PreprocessingStep class, which defines
most of the necessary preprocessing infrastructure in the background to ensure a smooth,
data-agnostic experience via a single point of contact specified through their apply()
method.

Yet, as with data loading, for the most part, users are not expected to use this class
to manually implement and optimise such preprocessing methods themselves. Instead,
the RamanSPy package provides a comprehensive toolbox of ready-to-use preprocessing
methods, which users can access, customise and employ to compile a wide variety of
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preprocessing procedures. These preprocessing procedures are given as predefined classes
within ramanspy.preprocessing which extend the PreprocessingStep class. To use these
built-in methods, users need to create an instance of the selected technique. For instance:

1 denoiser = ramanspy . preprocessing . denoise . SavGol (∗ args , ∗∗ kwargs )
2 baseline_corrector = ramanspy . preprocessing . baseline . ASLS (∗ args , ∗∗ kwargs )
3 normaliser = ramanspy . preprocessing . normalise . MaxIntensity (∗ args , ∗∗ kwargs )

Note that RamanSPy offers full control over relevant parameters, which can be supplied
during initialisation via the *args and **kwargs arguments.

As the methods inherit all operational logic defined within the parent PreprocessingStep
class, they can be directly accessed and used on any data loaded in the framework through
their apply() method:

1 preprocessesd_objects = denoiser . apply(<spectral object or collection of spectral
objects >)

2 preprocessesd_objects = baseline_corrector . apply(<spectral object or collection of
spectral objects >)

A full list of the methods for spectral preprocessing built into RamanSPy is available as
part of the documentation of the package at https://ramanspy.readthedocs.io/en/
latest/preprocessing.html.

If needed, users can also incorporate in-house methods into RamanSPy by wrapping the
corresponding preprocessing logic into instances of the PreprocessingStep class. This can
be done as follows:

1 def preprocessing_func ( intensity_data , spectral_axis , ∗args , ∗∗ kwargs ) :
2 # Preprocess intensity_data and spectral_axis
3 . . .
4

5 return updated_intensity_data , updated_spectral_axis
6

7 # wrapping the function together with the relevant *args and ** kwargs
8 custom_preprocessing_method = ramanspy . preprocessing . PreprocessingStep (

preprocessing_func , ∗args , ∗∗ kwargs )

Then, the custom preprocessing method is fully compatible with the rest of RamanSPy’s
functionalities and out-of-the-box applicable to any data integrated within the package
via its apply() method:

1 custom_preprocessing_method . apply(<spectral object or collection of spectral objects >)

Note that this class structure implies that these instances can then be saved (e.g. as
pickle files) and, therefore, reused and shared as required afterwards.
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Spectral analysis

As with preprocessing classes, users can access any built-in analysis method (available
within the ramanspy.analysis sub-module) by creating an object instance of the corre-
sponding class as follows:

1 nmf = ramanspy . analysis . decompose . NMF (∗ args , ∗∗ kwargs )
2 kmeans = ramanspy . analysis . cluster . KMeans (∗ args , ∗∗ kwargs )
3 unmixer = ramanspy . analysis . unmix . NFINDR (∗ args , ∗∗ kwargs )

Once created, instances can be similarly accessed via their apply() method on any data
loaded in RamanSPy.

1 cluster_maps , cluster_centres = kmeans . apply(<spectral object or collection of spectral
objects >)

2 abundance_fractions , endmemebrs = unmixer . apply(<spectral object or collection of
spectral objects >)

A full list of the methods for spectral analysis built into RamanSPy is available as part of
the documentation of the package at https://ramanspy.readthedocs.io/en/latest/
analysis.html.

Visualisation

The RamanSPy package also provides various visualisation tools available within the ra-
manspy.plot sub-module. As an example, one can plot spectra using the spectra function:

1 ramanspy . plot . spectra(<spectra or collection of spectra >)
2 ramanspy . plot . show ( ) # or plt.show () after import matplotlib . pyplot as plt

Note that these functions are highly customisable. This can be done by providing relevant
parameters to control the plot generation, as well as through matplotlib’s customisation
workflow.

1 import matplotlib . pyplot as plt
2

3 plt . figure ( figsize = (5 , 5) )
4 ax = ramanspy . plot . spectra(<spectra or collection of spectra >, title="<str >" , label="<

str or list[str]>" )
5 ax . set_ylabel ( "<str >" ) # adding a label to the y-axis
6 plt . show ( ) # or ramanspy .plot.show ()

A full list of the methods for data visualisation built into RamanSPy is available as part of
the documentation of the package at https://ramanspy.readthedocs.io/en/latest/
plot.html.
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Preprocessing pipelines
Pipelining behaviour is defined by the Pipeline class in RamanSPy, which ensures that
pipelines are accessible, simple-to-use and fully compatible with the rest of RamanSPy.

Creating a custom preprocessing pipeline

To assemble a preprocessing pipeline, one simply needs to stack relevant methods (built-in
or custom) into the intended order of execution. For instance:

1 preprocessing_pipeline = ramanspy . preprocessing . Pipeline ( [
2 ramanspy . preprocessing . denoise . SavGol (∗ args , ∗∗ kwargs ) ,
3 ramanspy . preprocessing . baseline . ASLS (∗ args , ∗∗ kwargs ) ,
4 ramanspy . preprocessing . normalise . MaxIntensity (∗ args , ∗∗ kwargs ) ,
5 custom_preprocessing_method (∗ args , ∗∗ kwargs ) # custom in - house method
6 ] )

Constructed pipelines can then be applied exactly as single methods via their apply()
method to any data loaded within RamanSPy.

1 preprocessesd_objects = preprocessing_pipeline . apply(<spectral object or collection of
spectral objects >)

As pipelines in RamanSPy are objects, they can also be directly saved in a convenient
file format, such as pickle files. As such, they can then be reloaded, reused and shared as
needed.

Access a predefined preprocessing pipeline

RamanSPy also provides a collection of built-in preprocessing pipelines. To access them,
one can select the desired protocol from ramanspy.preprocessing.protocols as follows:

1 preprocessing_pipeline = ramanspy . preprocessing . protocols . PROTOCOL_X

A pre-defined Pipeline instance will be returned, which can similarly be employed directly
through its apply() method.

A full list of the protocols for spectral preprocessing built into RamanSPy is available as
part of the documentation of the package at https://ramanspy.readthedocs.io/en/
latest/preprocessing.html#established-protocols.
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AI integration

Integrate AI methods into RamanSPy

To integrate new techniques for spectral preprocessing and analysis, users can take ad-
vantage of the extensible architecture of RamanSPy and wrap models and algorithms into
custom classes. For instance, one can create a new denoiser method based on a PyTorch
model for denoising by simply creating a function, which defines how the model can be
used to preprocess a generic intensity data array, and then wrapping the method within
a PreprocessingStep instance.

1 def nn_preprocesing ( intensity_data , wavenumber_axis ) :
2 intensity_data = v . reshape ( - 1 , intensity_data . shape [ - 1 ] )
3 output = model ( torch . Tensor ( intensity_data ) . unsqueeze (1 ) ) . cpu ( ) . detach ( ) . numpy ( )
4 output = np . squeeze ( output ) . reshape ( intensity_data . shape )
5

6 return output , wavenumber_axis
7

8 nn_denoiser = ramanspy . preprocessing . PreprocessingStep ( nn_preprocesing )

Integrated methods are automatically rendered fully compatible with the rest of Ra-
manSPy’s functionalities in the background, so one can simply use the apply() method of
the constructed denoiser to preprocess any data loaded within RamanSPy as any built-in
preprocessing class.

Export data from RamanSPy to AI frameworks

The data management core of RamanSPy allows a direct interface with the entire Python
ecosystem, including frameworks for statistical modelling, machine learning and deep
learning. To do that, users can simply feed relevant data from RamanSPy to functions
and tools they want to use elsewhere. For instance, one can pass the intensity data
stored in a spectral container to a specific model from the scikit-learn 514 framework for
statistical and ML modelling directly via their fit() method:

1 model . fit ( spectral_container . spectral_data )

Datasets
To access the Raman spectroscopic datasets available in RamanSPy, users can employ
custom data-loading methods built into RamanSPy under ramanspy.datasets. These
would automatically parse the relevant data into the corresponding spectral container.
For instance, one can load the bacteria data from Ho et al. 100 using the following function:

1 data_container , labels = ramanspy . datasets . bacteria ( dataset=" train " , <PATH >)

199



Note that, depending on where each dataset was deposited and the license it was de-
posited under, some of these methods will automatically download the given dataset,
whereas others may require the manual download of the data. Users are pointed to the
documentation of each method for instructions on how to properly load each dataset.

A full list of the datasets built into RamanSPy is available as part of the documentation
of the package at https://ramanspy.readthedocs.io/en/latest/datasets.html.

Metrics
Users can likewise readily access relevant spectroscopic metrics, such as MSE, SAD and
SID, from ramanspy.metrics. These can be used to measure the similarity between spec-
tral data by using the respective methods, e.g.:

1 ramanspy . metrics . SID ( spectrum_I , spectrum_II )

A full list of the metrics built into RamanSPy is available as part of the documentation
of the package at https://ramanspy.readthedocs.io/en/latest/metrics.html.
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Appendix C

Unmixing Raman autoencoders: Supplementary
information
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Figure C.1: Full unmixing results obtained with VCA + NNLS on THP-1 cell
data. a, Derived endmembers. b, Derived fractional abundances. Assembled in BioRen-
der.com. Reproduced from Georgiev et al. 526 , published by PNAS, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.
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Figure C.2: Full unmixing results obtained with Dense AE model on THP-1 cell
data. a, Derived endmembers. b, Derived fractional abundances. Assembled in BioRen-
der.com. Reproduced from Georgiev et al. 526 , published by PNAS, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.
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Figure C.3: Full unmixing results obtained with Deep Dense AE model on THP-1
cell data. a, Derived endmembers. b, Derived fractional abundances. Assembled in BioRen-
der.com. Reproduced from Georgiev et al. 526 , published by PNAS, under the CC BY 4.0 license
(https://creativecommons.org/licenses/by/4.0/). © 2024 The Authors.
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Appendix D

Organoid imaging: Supplementary information
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Table D.1: Primary antibodies used for immunofluorescence staining. Extended information
about the primary antibodies used for immunofluorescence staining. ‘Cat. no.’ stands for ‘Catalogue
number’.

Figure panel(s) Antigen Species Producer Cat. no. Dilution

Figure 1C SOX2 Rabbit Abcam ab97959 1:600
PKCζ Mouse Santa Cruz Biotechnology sc-17781 1:200

Figure 2C, Figure S3B SOX2 Goat R&D Systems AF2018 1:100
TUJ1 Mouse BioLegend 801201 1:100

Figure 2D, Figure S5B SOX2 Goat R&D Systems AF2018 1:100
TUJ1 Mouse BioLegend 801201 1:100

Figure 4A SOX2 Rabbit Abcam ab97959 1:600
PKCζ Mouse Santa Cruz Biotechnology sc-17781 1:200
MAP2 Chicken Abcam ab5392 1:500

Table D.2: Secondary antibodies used for immunofluorescence staining. Extended information
about the secondary antibodies used for immunofluorescence staining. ‘Cat. no.’ stands for ‘Catalogue
number’.

Figure panel(s) Species Anti- Producer Cat. no. Dilution

Figure 1C Goat Rabbit Invitrogen A-11008 1:500
Donkey Mouse Invitrogen A-31571 1:500

Figure 2C, Figure S3B Donkey Goat Invitrogen A-21432 1:500
Donkey Mouse Invitrogen A-31571 1:500

Figure 2D, Figure S5B Donkey Goat Invitrogen A-21432 1:500
Donkey Mouse Invitrogen A-31571 1:500

Figure 4A Goat Rabbit Invitrogen A-11008 1:500
Donkey Mouse Invitrogen A-31571 1:500
Goat Chicken Invitrogen A-21437 1:500
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Figure D.1: Full unmixing results for low-resolution volumetric Raman imaging scan of
an intact day-20 neural organoid (as shown in Figures 5.3D–H in Chapter 5). A, Principal
component analysis of preprocessed RS data. The number of endmember components to extract was
set to 11. B, Derived abundance images (normalised for visualisation purposes). Scale bar: 100 µm
(top right, marked in orange). C, Corresponding endmembers. Endmember and abundance numbering
indicate the components presented in Figures 5.3D–H. Raw RS data acquired by Dr Ruoxiao Xie and
Xiaoyu Zhao. Assembled in BioRender.com.
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Figure D.2: Full unmixing results for Raman imaging scan of a day-30 neural organoid
cryosection (as shown in Figure 5.5 in Chapter 5). A, Principal component analysis of prepro-
cessed RS data. The number of endmember components to extract was set to 11. B, Derived abundance
images (normalised for visualisation purposes). Scale bar: 100 µm (top right, marked in orange). C,
Corresponding endmembers. Endmember and abundance numbering indicate the components presented
in Figure 5.5. Raw RS data acquired by Dr Daniel Reumann. Assembled in BioRender.com.
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Figure D.3: Full unmixing results for Raman imaging scan of a second day-30 neural
organoid cryosection (as shown in Figure 5.9 in Chapter 5). A, Principal component analysis
of preprocessed RS data. The number of endmember components to extract was set to 11. B, Derived
abundance images (normalised for visualisation purposes). Scale bar: 100 µm (top right, marked in or-
ange). C, Corresponding endmembers. Endmember and abundance numbering indicate the components
presented in Figure 5.9. Raw RS data acquired by Dr Daniel Reumann. Assembled in BioRender.com.
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Figure D.4: Full unmixing results for high-resolution Raman imaging scan of an intact
day-10 neural organoid (as shown in Figures 5.12B–E in Chapter 5). A, Principal component
analysis of preprocessed RS data. The number of endmember components to extract was set to 8.
B, Derived abundance images (normalised for visualisation purposes). Scale bar: 100 µm (top right,
marked in orange). C, Corresponding endmembers. Endmember and abundance numbering indicate the
components presented in Figures 5.12B–E. Raw RS data acquired by Dr Ruoxiao Xie and Xiaoyu Zhao.
Assembled in BioRender.com.
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Figure D.5: Full unmixing results for volumetric Raman imaging scan of a neural rosette
within an intact day-20 neural organoid (as shown in Figures 5.13B–E in Chapter 5). A,
Principal component analysis of preprocessed RS data. The number of endmember components to extract
was set to 12. B, Derived abundance images (normalised for visualisation purposes). Scale bar: 100 µm
(top right, marked in orange). C, Corresponding endmembers. Endmember and abundance numbering
indicate the components presented in Figures 5.13B–E. Raw RS data acquired by Dr Ruoxiao Xie and
Xiaoyu Zhao. Assembled in BioRender.com.
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Figure D.6: Full unmixing results for timepoint Raman imaging data (as shown in Fig-
ure 5.16 in Chapter 5). A, Principal component analysis of preprocessed RS data. The number of
endmember components to extract was set to 12. B, Derived endmembers. C, Corresponding abundance
images (normalised for visualisation purposes) for five representative organoid samples. Endmember and
abundance numbering indicate the components presented in Figure 5.16. Scale bar: 100 µm (top left).
Raw RS data acquired by Dr Ruoxiao Xie and Xiaoyu Zhao. Assembled in BioRender.com.
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Figure D.7: Comparative analysis on broadband CARS imaging data from a cancer cell (as
shown in Figures 6.1 in Chapter 6). Unmixing analyses with N-FINDR+NNLS and the autoencoder
(AE) pipeline presented in Chapter 5 on broadband CARS data from a HepG2 human liver cancer cell.
Abundance images were normalised for visualisation purposes. Endmember signatures displayed on the
right correspond to the analyses performed with a random seed set to 42. Scale bar: 20 µm (bottom
right, marked in orange). Preprocessed CARS data from Vernuccio et al. 577 , provided by Dr Arianna
Bresci. Assembled in BioRender.com.
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