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ABSTRACT

The core of this PhD thesis explores how near-infrared (NIR) spectroscopy, when
integrated with advanced chemometric and data-driven approaches, can overcome its
traditional limitations and emerge as a powerful, multidimensional analytical tool in
complex and unconventional contexts. By moving beyond the traditional view of NIR as a
secondary or low-specificity technique, the work demonstrates how its capabilities can be
expanded and adapted for complex, heterogeneous and non-traditional analytical
scenarios.

The research begins by critically examining the hierarchical view that often governs the
selection of spectroscopic techniques. Through forensic case studies on bloodstain ageing,
near infrared (NIR), ultraviolet-visible (UV-Vis) and Raman spectroscopies are
systematically compared across different substrates and environmental conditions. The
findings do not reveal a hierarchy, but a complementarity between techniques.
Experimental design and multivariate analysis of variance demonstrate that environmental
parameters and substrate of deposition significantly influence ageing models, reinforcing
the need for context-aware analytical strategies in forensic applications.

The thesis then extends NIR analysis into the spatial and temporal domain through the
application of hyperspectral imaging (HSI) in the field of plant physiology and the ecology of
non-vascular plants. In particular, HSI enables the visualisation of complex, non-linear
moisture dynamics that depart from classical diffusion models when applied to the study of
dehydration of epiphytic organisms, such as lichens and bryophytes. Pixel-based and
image-based approaches reveal fine-scale heterogeneities and suggest biologically
mediated drying behaviours, highlighting the potential of NIR-HSI in the study of living
systems.

The most original contribution addresses a long-standing but poorly answered question:
the penetration depth of NIR radiation in layered materials. Using custom 3D-printed
stratified polymer systems, this work provides the first systematic, image-based and
quantitative investigation of NIR-HSI penetration. Classical chemometric methods
(principal component analysis, classical least squares, partial least squares) are integrated
with convolutional neural networks to capture the complex, non-linear nature of radiation
propagation. The results demonstrate that light can significantly penetrate under samples’
surface, thus taking NIR-HSI forward from its classical surface-only interpretation and
introducing the possibility of applying it as a 3D spectral tomography.

Overall, this thesis proposes a conceptual and methodological shift in NIR
spectroscopy. By embracing complexity rather than reducing it, the work opens new
perspectives for the application of NIR and hyperspectral techniques in forensic science,
environmental analysis, materials science and beyond.



RIASSUNTO

Questa tesi di dottorato esplora come la spettroscopia nel vicino infrarosso (NIR),
quando integrata con approcci chemiometrici avanzati, possa superare i suoi limiti
tradizionali ed emergere come un potente strumento per risolvere problemi analitici
complessi. Anziché trattare il NIR come una tecnica secondaria, il lavoro lo ricolloca nello
scenario scientifico attuale, presentandolo come una piattaforma dinamica in grado di
fornire informazioni dense di significato chimico e fisico.

Attraverso casi di studio forensi sull’invecchiamento delle macchie di sangue, le
spettroscopie nel vicino infrarosso (NIR), nell’UV-visibile (UV-Vis) e Raman vengono
confrontate in modo sistematico su vari substrati e in diverse condizioni ambientali. |
risultati evidenziano una complementarita tra le varie spettroscopie presentate. L’uso di un
disegno sperimentale associato a un’analisi multivariata della varianza dimostra che i
parametriambientali e il substrato di deposizione influenzano in modo significativo i modelli
di invecchiamento delle macchie di sangue, rafforzando la necessita di strategie analitiche
che tengano conto delle condizioni ambientali e contestuali nelle applicazioni forensi.

La tesi estende poi Uanalisi NIR alla dimensione spaziale e temporale attraverso
Uimaging iperspettrale (HSI). Applicato allo studio della disidratazione in comunita
epifitiche (licheni e briofite), 'HSI consente la visualizzazione di dinamiche complesse di
gestione dell’acqua tra diverse comunita epifitiche. Gli approcci pixel-based e image-based
rivelano eterogeneita e suggeriscono che l'essiccamento di queste specie avvenga
attraverso meccanismi biologici complessi, mettendo in evidenza il potenziale della NIR-
HSI nello studio di sistemi viventi.

A seguire la tesi affronta una questione finora scarsamente studiata: la profondita di
penetrazione della radiazione NIR associata ad HSI in materiali stratificati. Utilizzando
sistemi polimerici multicomponente realizzati mediante stampa 3D, questo lavoro fornisce
la prima indagine sistematica e quantitativa della penetrazione del NIR-HSI. Metodi
chemiometrici classici (analisi delle componenti principali, minimi quadrati classici, minimi
quadrati parziali) vengono integrati con le reti neurali, allo scopo di catturare la natura
complessa e non lineare della propagazione della radiazione all’interno della materia. |
risultati dimostrano che la luce ¢ in grado di penetrare significativamente al di sotto della
superficie dei campioni, portando I'HSI nel NIR a superare la sua classica interpretazione
come tecnica esclusivamente superficiale e introducendo la possibilita di applicarla come
una tomografia spettrale tridimensionale.

Nelcomplesso, questatesi propone un cambiamento concettuale e metodologico nella
spettroscopia NIR. Abbracciando la complessita anziché ridurla, il lavoro apre nuove
prospettive per Uapplicazione delle tecniche NIR e iperspettrali nella scienza forense,
nell’analisi ambientale, nella scienza dei materiali e oltre.
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PREFACE

This PhD thesis critically re-evaluates and applies near-infrared (NIR) spectroscopy and
hyperspectral imaging (HSI) in complex analytical scenarios. Traditionally considered a
rapid but difficult to interpret technique, NIR spectroscopy is here reinterpreted as a
powerful, information-rich approach capable of addressing challenging scientific questions
when integrated with advanced chemometric data-driven methodologies. The thesis is built
around the idea that the true potential of a spectroscopic technique does not reside solely
in its instrumental configuration, but in the way data are interpreted, contextualised and
combined.

Chapter 1 provides an overview of the state of the art in spectroscopy, with particular
attention to NIR, ultraviolet-visible (UV-Vis) and Raman techniques. It discusses their
physical principles, common applications and main limitations. The chapter then
introduces the central research questions of the thesis, which concern three main themes:
the complementarity of spectroscopic techniques in applied contexts, the potential of NIR-
HSI for monitoring dynamic biological processes, and the largely unresolved issue of NIR
penetration depth in layered and heterogeneous materials. These questions define the
conceptual framework of the entire work.

Chapter 2 investigates the application of spectroscopyin a forensic context, focusing on
the ageing of bloodstains with different spectroscopic techniques, on different substrates
and under varying environmental conditions. A direct comparison of NIR with UV-Vis and
Raman spectroscopies is performed to assess the strengths and limitations of each
technique. In afirst case study, UV-Vis and NIR spectroscopies are used individually and in
combination to produce dating models for forensic bloodstains, demonstrating the
potential of NIR spectroscopy in this research context. In a second case study, a systematic
design of experiments is employed to evaluate the influence of temperature, humidity,
illumination and substrate on spectral evolution, while regularised multivariate analysis of
variance is used to statistically deconvolute their individual and combined effects. This
chapter highlights the complementary nature of NIR, UV-Vis and Raman spectroscopies
rather than establishing a rigid performance hierarchy among them.

In Chapter 3, the investigation moves from point-based spectroscopy to hyperspectral
imaging (HSI) in the NIR region. NIR-HSI is applied in the field of plant physiology to the study
of dehydration dynamics in epiphytic communities, consisting of lichens and bryophytes.
This chapter explores the ability of hyperspectral techniques to capture both spatial and
temporal variations in water content and distribution. By using multivariate analysis and a
combination of image-based and pixel-based approaches, it reveals complex, non-linear
drying behaviours that differ significantly from those observed in non-living materials. The
results illustrate how NIR-HSI can be extended beyond traditional quantitative analysis to
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provide insights into dynamic biological and ecological processes, while also suggesting a
complementary role of image-based and pixel-based approaches.

Chapter 4 addresses one of the least explored aspects of NIR-HSI: the penetration of
radiation into matter. Custom-designed, 3D-printed stratified polymer samples are used to
systematically investigate how NIR light propagates through multilayer systems of
controlled thickness and composition. Classical chemometric methods such as principal
component analysis, classical least squares and partial least squares are combined with
convolutional neural networks to model both linear and non-linear aspects of the
phenomenon. The findings demonstrate that NIR penetration depth is not a fixed value, but
a conditional parameter governed by material properties, structural organisation and
instrumental settings. This chapter proposes a novel, quantitative and reproducible
framework for studying penetration in stratified media, with implications for a wide range of
scientific fields.

Finally, Chapter 5 synthesises the key findings of the thesis and places them within a
broader scientific context. The original contributions, methodological advances, limitations
and future perspectives are discussed, emphasising the role of NIR spectroscopy and HSI
as evolving tools at the interface of physics, chemistry and data science.
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1 INTRODUCTION

In a world that moves at an ever-increasing pace, where tens of new food products,
materials, and manufactured goods are developed and commercialised every day,
analytical chemistry is required to respond to a growing demand for fast, versatile, and
adaptable solutions [1]. The progressive acceleration of production cycles and decision-
making processes has challenged traditional analytical workflows, emphasising the need
for techniques capable of delivering reliable information within increasingly constrained
timeframes [2]. In this context, the development of new high-throughput and flexible
analytical tools has become a central objective of modern analytical chemistry [2].

To meet these evolving demands, a growing emphasis has been placed on analytical
approaches capable of providing rapid and non-destructive access to chemical information
[3]. Among these, spectroscopic techniques have emerged as particularly valuable tools
[4,5], as they enable direct interrogation of matter through its interaction with
electromagnetic radiation and provide direct insights with little to no sample preparation.
Their ability to deliver rich, information-dense signals in short acquisition times has made
spectroscopy a cornerstone of modern analytical science, especially in contexts where
speed and versatility are critical [4,6]. Moreover, the high user-friendliness of spectroscopic
instruments and interfaces makes them particularly suitable for use by non-specialised
personnelinin-line and on-line configurations.

Being based on matter-radiation interaction, the choice of the incident wavelength(s)
and of their intensity strictly determines the outcomes of an experiment. Indeed, several
types of spectroscopic techniques have been historically developed, depending both on the
specific wavelength ranges used for probing the analytes, and on the physical nature of the
interaction between the sample and the radiation itself. As a result, the different types of
spectroscopies, specifically ultraviolet-visible (UV-Vis), Raman, and infrared (IR), have
often been considered as both complementary and counterposed, being each
characterised by distinct strengths and inherent limitations [7-9]. It is, indeed, quite
common in literature to find application papers where two different spectroscopic
approaches are compared, in order to determine the “best” performing technique for the
specific use. However, the comparison between different spectroscopic techniques should
go beyond simple analytical performance [8,10-12], also offering insight into how
information is generated, encoded, and extracted from matter. Therefore, comparisons
should not just focus on instrumental features but encompass the relationship between the
physical origin of the signal and the methods used to interpret it as well. A careful, data-
informed comparison of the various techniques may indeed provide a clearer understanding
of their respective roles in modern analytical chemistry and highlight opportunities for
applying each method in non-conventional contexts.
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Spectroscopic data come with an intrinsic richness of information, enclosed in peaks,
bands and complex signals. Indeed, rather than delivering isolated analytical parameters,
spectroscopic techniques generate complex data structures containing a wealth of
chemical and physical information [13]. This represents a major advantage since it allows a
comprehensive understanding of several features of the sample within a single analysis.
Indeed, the increase in the amount of information present in the data widens their potential
exploitability, while also introducing significant challenges in terms of interpretation and
information extraction [14]. In particular, spectroscopic outcomes must be appropriately
disentangled to be fully exploited [15]. For this reason, for a long time this characteristic was
considered a limitation of spectroscopic techniques, as it required the statistical treatment
of potentially large data matrices, associated with high computational demands and the
need for specialised data handling strategies [15,16]. As a consequence, spectroscopy has
historically been regarded with a certain degree of caution. In the current era of big data [2],
however, this same complexity is increasingly seen not as a drawback but as a valuable
source of analytical insight [17,18].

Within this framework, near-infrared (NIR) spectroscopy emerges as a paradigmatic
example of a technique where the true analytical potential can only be fully appreciated
through advanced data-driven interpretative strategies. At the same time, it represents one
of the most emblematic examples of a technique whose complexity has often been
mistaken for a limitation, while it actually embodies an extraordinary, yet still partially
unexplored, analytical potential [19,20].

Indeed, NIR spectroscopy has long occupied an ambiguous position within the
spectroscopic landscape [21]. Despite its intrinsic advantages in terms of speed and ease
of use, it has often been perceived as a secondary technique, limited by broad, overlapping
absorption bands and reduced chemical selectivity when compared to mid-infrared or
Raman spectroscopy [22]. This perception has contributed to a historical underestimation
of the true informational content encoded within NIR spectra, frequently relegating the
technique to rapid screening applications rather than treating it as a fully-fledged analytical
tool [23].

Over the last decades, NIR spectroscopy has undergone a profound transformation,
driven by advances in instrumentation, optoelectronics, and computational power [20,22].
Modern NIR systems are no longer confined to laboratory environments, but are increasingly
implemented in portable, handheld, and in-line configurations, broadening the range of
possible applications [20,24-26]. In parallel, improvements in detector sensitivity and
spectral resolution have progressively enhanced the quality of NIR data, allowing more
subtle chemical and physical variations to be captured and exploited [27].

The present thesis is grounded in the conviction that the limitations traditionally
attributed to NIR spectroscopy are not intrinsic to the technique itself, but rather arise from
how NIR data are interpreted. Indeed, the rich, albeit highly convoluted, spectral signatures
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characteristic of the near-infrared region contain a level of chemical information that
becomes accessible only through appropriate mathematical and multivariate approaches
[28-30]. From this perspective, NIR spectroscopy should not be viewed merely as a
complementary or rapid alternative to more established techniques, but as a versatile and
powerful analytical platform whose full potential is unlocked through the integration of
advanced data processing strategies.

Building on the considerations outlined above, the present thesis aims to explore the
potential of near-infrared (NIR) spectroscopy as a versatile analytical platform capable of
addressing complex chemical questions across different application domains.

The work is guided by three overarching and interconnected objectives, that are here
presented and will be reconsidered in the General conclusions chapter.

First, NIR spectroscopy is critically evaluated in comparison with other spectroscopic
techniques, such as UV-Vis and Raman. This comparison is held not only in terms of
instrumental performances, but with a particular focus on how chemical information is
encoded within the raw spectral data and the strategies required for its interpretation. This
comparative approach is intended to highlight the relative strengths and limitations of each
technique, as well as to identify scenarios in which NIR may offer unique advantages,
challenging the traditional hierarchies of analytical methods. This comparison illustrates
the potential of integrating different spectroscopic techniques into a unified analytical
framework [3], where complementary approaches work together to provide a
comprehensive characterization of all chemical and physical properties of a sample. Rather
than selecting a single “best-performing” technique for each application, this strategy can
simultaneously enhance analytical outcomes, improving sensitivity, precision, robustness,
and reliability, while also deepening the chemical understanding of the analytical problems
by approaching them from multiple perspectives at once.

Second, this thesis focuses on pushing the application of spectroscopic techniques,
and in particular of NIR hyperspectral imaging (NIR-HSI), forward from the identification,
quantification, and characterisation of chemical constituents to the possibility of describing
and capturing chemical, biological and physical processes in a dynamic way. Through the
development and application of multivariate and data-driven approaches that enable the
extraction of meaningful chemical information from the complex NIR spectral signatures,
the thesis seeks to demonstrate how the apparent complexity of NIR data can be turned into
a powerful source of insight, pushing spectroscopic techniques outside the typical
boundaries in which they have been historically confined. The final goal is to drive NIR
spectroscopy forward from the classical applications for moisture quantification or specific
analytes prediction, presenting it as a complete, versatile technique capable of providing
invaluable insights even in complex situations where multiple processes might be
happening at the same time.
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As athird and final objective, the present thesis intends to demonstrate the applicability
and versatility of NIR spectroscopy in non-conventional contexts, such as the
underexplored aspects of radiation-matter interaction. This topic potentially allows for a
significant broadening of the possible application fields for NIR spectroscopy, and it
emphasises the practical impact of the work, that aims to reposition NIR as a fully-fledged
analytical platform, capable of delivering results that are both scientifically rigorous and
operationally efficient.

To provide a comprehensive and solid foundation for the studies presented in this thesis,
the following sections of this introductory chapter will review the principles and
characteristics of the spectroscopic techniques addressed, with particular emphasis on
NIR spectroscopy and its integration with multivariate analytical approaches.
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1.1 SPECTROSCOPIC TECHNIQUES

The interaction between electromagnetic radiation and matter represents the
foundation of all spectroscopic techniques [31,32]. As a general overview, when a sample
is exposed to light, a portion of the incident radiation may be absorbed, transmitted,
scattered, re-emitted, or a combination of these [33]. The response of matter to radiation
strictly depends both on the energy of the incoming photons and on the electronic,
vibrational, or rotational states of the molecules involved [34,35]. As a consequence, each
of these processes encodes specific chemical and physical information, which can be
accessed and interpreted through appropriate experimental and analytical strategies, and
which can therefore be exploited to resolve analytical problems and answer analytical
questions.

In particular, absorption occurs when the energy of the incident photons matches the
energy gap between two molecular states in the analytes, leading to transitions at the
electronic, vibrational, or rotational levels. Electronic transitions, typically probed in the UV-
Vis regions, provide information on chromophores and conjugated systems [36-38], while
vibrational transitions, primarily explored in the IR and Raman regions, reveal details about
molecular bonds, functional groups, and symmetry [39,40]. Scattering phenomena,
including Rayleigh and Raman scattering, which convey information on polarizability and
electronic structure of molecules, with Raman in particular allowing the characterisation of
molecular vibrations and interactions even in transparent or weakly absorbing media [41].
On the other hand, emission, which refers to, for instance, fluorescence spectroscopy, will
not be treated in this thesis, and will therefore not be further mentioned.

The wavelength-dependent response typical of each sample represents therefore a
complex fingerprint of the unique chemical composition and structure of the specimen
under analysis. The richness of this information, while offering powerful analytical potential,
also demands careful interpretation, often requiring the integration of multivariate
approaches to extract meaningful insights from overlapping or convoluted signals [28].
Understanding these fundamental interactions is essential to rationalise the choice of
spectroscopic technique, to understand complementary features between techniques, and
to design experiments that maximise information content while minimising limitations and
artifacts.

1.1.1 Probing electronic transitions: UV-Vis spectroscopy

UV-Vis spectroscopy is based on the absorption of photons in the ultraviolet (~200-400
nm) and visible (~400-800 nm) regions of the electromagnetic spectrum, corresponding to
electronic transitions within molecules [42,43]. In particular, when a molecule absorbs light
in this region, electrons are promoted from occupied molecular orbitals to higher-energy
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unoccupied orbitals, typically involving TT>1t* or n>1t* transitions in conjugated systems or
functional groups [32,44]. The energy and intensity of these transitions are highly sensitive
to the chemical environment, providing selective information about specific chromophores
[42].

Due toits ease of use, reduced costs, and intuitiveness, UV-Vis spectroscopy has found
widespread applications in both qualitative and quantitative analyses [45]. In particular, its
strict dependence on the Beer-Lambert law, regulating the direct relation between radiation
absorption and analyte concentration, ensured a widespread application of this technique
across several fields of chemistry. UV-Vis spectroscopy is therefore commonly employed
for the determination of known analytes’ concentration, monitoring reaction kinetics,
assessing sample purity, and detecting specific analytes in a solution [46]. The simplicity of
sample preparation, combined with the availability of robust and relatively inexpensive
instrumentation, has contributed to its pervasive use in chemical, biochemical, and
industrial laboratories [44].

Despite these advantages, UV-Vis spectroscopy also presents limitations. Its sensitivity
is often restricted to molecules containing suitable chromophores, and overlapping
electronic transitions can complicate spectral interpretation. Intuitively, the Vis spectrum
of a sample largely mirrors its colour, and it is therefore easy to understand that the co-
presence of analytes with similar colours in the same sample hinders interpretability and
sensitivity of the technique [44]. Additionally, UV-Vis spectroscopy provides limited
structural information, as it does not directly probe vibrational or rotational states.

These constraints highlight the necessity of combining this strategy with complementary
techniques presenting highly characteristic spectral signatures, such as IR or Raman
spectroscopies, in order to obtain a more comprehensive characterisation of the molecular
systems under analysis [32]. In this perspective, UV-Vis can be viewed as a fast and
selective tool for probing specific electronic features, forming a foundational layer of
analytical information that can be integrated with vibrational data for a more complete
understanding of complex samples and to resolve interference issues [32].

1.1.2The power of vibrations: IR and Raman spectroscopies

Vibrational spectroscopy encompasses techniques that probe the quantised vibrational
energy levels of molecules, providing detailed information about chemical bonds,
functional groups, and molecular structure as well. Mid-IR (MIR, 2500-25,000 nm or 4000-
400 cm™) spectroscopy is based on the absorption of photons whose energy matches
vibrational transitions of polar bonds, resulting in characteristic absorption bands. Each
functional group within a molecule has a predictable vibrational signature, allowing both
qualitative identification and quantitative analysis of polar analytes [47].
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Raman spectroscopy, on the other hand, relies on inelastic scattering of photons, the
Raman effect, precisely, rather than direct absorption. When an intense beam of
monochromatic light interacts with a molecule, a small fraction of it is scattered back with
a shift in energy corresponding to vibrational transitions. For its physical nature, Raman is
sensitive also to non-polar bonds, given that they are characterised by a good polarizability,
that are on the contrary weak or inactive in the MIR spectrum, making the two techniques
highly complementary by nature [7,9].

Both MIR and Raman spectroscopy offer high chemical specificity and structural insight,
making them invaluable for detailed molecular characterisation [47]. They are widely
applied in fields ranging from organic and inorganic chemistry to materials science, food
analysis, pharmaceuticals, and environmental monitoring. However, vibrational techniques
also present practical limitations. In particular, MIR spectroscopy sometimes requires
careful sample preparation, since solid samples need to be included in MIR-transparent
supports (KBr) for transmission/absorption measurement, or samples may need to be
pulverised to be used in the attenuated total reflectance (ATR) configuration [13]. Moreover,
MIR spectra can be affected by water absorption, which might act as an interferentwhen the
focus is not on the moisture content of the specimen. On the other hand, Raman signals are
intrinsically weak, deriving from low-probability interactions, and may additionally suffer
from fluorescence interference [48]. These constraints suggest the need of combining these
vibrational techniques with other spectroscopic modalities, such as UV-Vis and NIR, to
obtain a comprehensive understanding of complex samples.

By providing complementary perspectives on molecular structure [48], MIR and Raman
spectroscopies set the stage for integrating vibrational information with UV-Vis and NIR
data, ultimately enhancing the depth and reliability of chemical analyses.

1.1.3 A key player: NIR spectroscopy

NIR spectroscopy probes the interaction of matter with electromagnetic radiation in the
approximate range 780-2500 nm (12,800-4000 cm-! in wavenumber) [49]. Unlike UV-Vis,
which is dominated by electronic transitions, or MIR, which primarily involves fundamental
vibrational modes, NIR spectra arise largely from overtones and combination bands of
fundamental vibrations. In particular, NIR absorption primarily depends on overtones and
combination bands of vibrational modes associated with X-H bonds (C-H, O-H, N-H).
These transitions are inherently weaker than fundamental vibrations in the MIR region,
resulting in broad, overlapping spectralfeatures [49,50] rather than sharp, distinctive peaks.
While this lower resolution can complicate direct interpretation, it also allows rapid
acquisition of bulk sample information. The resulting spectral signatures are highly
information-dense, encoding contributions from multiple chemical groups and interactions
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simultaneously, therefore they carry rich chemical information that can be exploited for
qualitative and quantitative analysis [50].

The NIR region occupies a unique position in the electromagnetic spectrum, namely
between visible and IR radiations, thus bridging electronic and vibrational spectroscopy.
This enables the technique to probe both molecular composition and certain structural or
physical properties of the sample, often with minimal sample preparation. Combined with
modern instrumentation capable of rapid, non-destructive measurements, these
characteristics make NIR spectroscopy particularly well-suited for high-throughput and in-
line analytical applications [26]. Indeed, NIR spectroscopy combines several practical
advantages that complement its informational content. Measurements are typically fast,
often requiring only a few seconds per sample, and are non-destructive, preserving the
integrity of the analysed material [26]. The technique is compatible with a variety of sample
forms, including solids, liquids, and powders, and modern instrumentation ranges from
benchtop to portable or in-line systems [25]. This versatility, coupled with minimal sample
handling, renders NIR an ideal tool for high-throughput screening, process monitoring, and
applications where rapid feedback is essential.

As previously commented, historically NIR spectroscopy was often viewed as a
secondary or auxiliary technique, limited by overlapping bands and relatively low selectivity
compared to MIR or Raman methods [23]. It is indeed important to acknowledge that NIR
spectroscopy is not exempt from intrinsic limitations that must be critically analysed. The
broad and overlapping nature of NIR absorption bands reduces spectral specificity when
compared to MIR or Raman techniques, and weak absorptivity can limit sensitivity for
certain analytes. Furthermore, NIR spectra are strongly affected by physical factors such as
particle size, scattering, temperature, and matrix composition, which may introduce non-
linearities and confounding effects [19]. Nevertheless, rather than representing intrinsic
weaknesses of the technique itself, these aspects highlight the need for advanced data
interpretation strategies [20]. When properly modelled, the physical and chemical
contributions embedded in NIR spectra can be disentangled and exploited separately and
co-ordinately as valuable complementary sources of analytical information. By leveraging
data-driven interpretation, NIR can provide detailed insights into chemical composition,
structural features, and even dynamic processes, effectively repositioning it as a primary
analytical tool rather than a mere rapid-screening method [13]. This perspective opens new
possibilities for its application across diverse scientific and industrial contexts.

1.1.4 Hyperspectral imaging

Building on the principles of point-based spectroscopies, hyperspectral imaging (HSI)
represents a natural and innovative extension, capturing not only the chemical information
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at each measurement point but also its spatial distribution across the sample [22]. This
approach transforms spectroscopy from a purely point-based technique into a powerful
imaging tool, capable of revealing heterogeneity and complex interactions within a sample
[51]. Hyperspectral imaging systems can be associated to different spectroscopic
modalities, such as UV-Vis, NIR, MIR and Raman. In this thesis, the focus will revolve around
NIR-HSI, which has demonstrated significant potential in fields ranging from material
characterisation to pharmaceutical, food and forensic applications [22,52,53]. However, it
remains a relatively underexploited technique, offering new opportunities for high-
dimensional analysis and the exploration of sample heterogeneity in ways that conventional
NIR cannot achieve.

The combination of spectroscopy and imaging produces a three-dimensional dataset
commonly referred to as a hypercube [54], a rich, multidimensional dataset that encodes
both spectral and spatial information. From an instrumental perspective, this information
can be acquired in different ways. In particular, three main acquisition strategies are
commonly recognised: point-scanning (whiskbroom), line-scanning (pushbroom), and
snapshot imaging systems [55]. In whiskbroom configurations, a single spatial point is
analysed at a time, and a full spectrum is acquired sequentially for each pixel by
mechanically scanning the sample in two spatial dimensions. While this approach offers
high spectral fidelity and flexibility, it is intrinsically slow and therefore poorly suited for
dynamic processes or large-area imaging [55]. Pushbroom systems, by contrast, acquire an
entire spatial line simultaneously across all wavelengths, reconstructing the hyperspectral
cube through the relative motion between the sample and the imaging system. Owing to
their favourable compromise between acquisition speed, spectralresolution, and signal-to-
noise ratio, pushbroom instruments represent the most widely adopted configuration for
NIR-HSI, particularly in industrial and in-line applications [55]. Finally, snapshot imaging
systems capture the full hyperspectral data cube in a single exposure, without the need for
mechanical scanning. Although this strategy enables extremely fast acquisitions, it typically
involves trade-offs in terms of spatial resolution, spectral resolution, or field of view [55],
which may limit its applicability in high-precision analytical contexts.

Beyond acquisition geometry, the performance of an HSI system is strongly influenced
by additional instrumental components, including illumination sources and detectors. In
NIR-HSI, broadband halogen lamps are most commonly employed, providing stable and
continuous illumination across the spectral range of interest, albeit at the cost of potential
heating effects and non-uniform illumination [22]. Detector technology further plays a
critical role, with InGaAs arrays representing the standard choice for NIR-HSI due to their
sensitivity and robustness in the relevant wavelength range [56]. The interplay between
these instrumental elements ultimately determines key performance parameters, such as
spectral resolution, spatial resolution, signal-to-noise ratio, and acquisition speed, all of
which must be carefully balanced according to the specific analytical objective.
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Consequently, the choice of HSI instrumentation is not merely a technical detail, but a
fundamental experimental decision that directly shapes the quality of the information
encoded within the hyperspectral data.

However, regardless of the chosen strategy for data acquisition, the resulting
hyperspectralimage contains a full spectrum for each pixel, resulting in large, complex data
matrices that require careful handling, pre-processing and processing [57]. The richness of
hyperspectral data therefore comes with new analytical challenges. The high dimensionality
and the strong collinearity inherent to spectra demand the use of chemometric methods for
visualisation, pattern recognition, and quantitative modelling [57]. At the same time,
hyperspectral imaging presents unique opportunities, enabling spatially resolved chemical
mapping, identification of localised heterogeneities, and the investigation of dynamic or
complex processes that would be difficult to study with point-based spectroscopy.

Within the data cube generated by HSI, one of the central challenges is how to exploit
the spectral information contained in each pixel. Over the years, three main strategies for
the analysis of hyperspectral data have been developed, namely image-based, pixel-based
and object-based approaches [58,59]. These strategies are sometimes presented as
complementary [60], while in other cases they are treated as mutually exclusive [61],
evidencing an ongoing debate on how to most effectively exploit the complex information
embedded in hyperspectral data cubes.

The image-based approach is grounded in the idea that an image can be considered as
a form of massively replicated sampling [58]. Within this framework, each pixel is treated as
a replicate measurement of the same sample represented by the entire image, and pixel
level information is typically extracted and condensed into a unique descriptor
representative of the whole image. This descriptor may be an average signal, a median
signal, or even the outcome of multivariate data processing strategies, such as scores
and/or loadings of a principal component analysis. This strategy offers several advantages,
including the ability to condense in a single signal information from different areas of a
sample, improve the spectral description of extended sample, and significantly reduce
noise, thereby enhancing sensitivity compared to point-based spectroscopy. In addition, by
collapsing the hyperspectral data cube into a conventional two-dimensional data matrix,
the image-based approach enables the use of well-established chemometric workflows
originally developed for point spectroscopy. Nevertheless, this strategy has been widely
criticised for its limited exploitation of the information content of hyperspectral data. The
process of extracting a single descriptor inherently smooths out local spectral extremes,
effectively discarding the contribution of highly diverse pixels. While this may be
advantageous for truly homogeneous samples, where extreme pixels often correspond to
spectral artefacts, it represents a clear limitation when spatial heterogeneity carries
chemically relevant information. Most importantly, this approach largely neglects the
spatial dimension, which is one of the defining strengths of HSI.
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In contrast, the pixel-based approach is founded on the assumption that each pixel
within one image can be treated as an independent analytical sample [58]. This perspective
preserves local variability and fully exploits the spatial information encoded in the
hyperspectral cube. The approach is particularly powerful for heterogeneous systems,
where subtle spatial differences may be chemically meaningful, but it also shows potential
for nominally homogeneous samples. Indeed, the possibility of treating each pixel as an
individual sample results in an unprecedented increase in effective sampling density, often
yielding several thousands of spectra from a single image acquired in seconds. This
increased sampling density is invaluable for the application of data-driven machine learning
tools, which require huge amounts of data to be efficiently trained. However, this strategy is
not without limitations. The assumption of contiguous pixel independence is frequently
violated in practice, since most HSI systems rely on diffuse illumination sources (e.g.,
halogen lamps), which can induce shadowing and scattering effects, especially on non-flat
or irregular surfaces. These phenomena cause spatial mixing of spectral information,
introducing correlations between neighbouring pixels and undermining the conceptual
independence of individual measurements. Moreover, the indiscriminate inclusion of all
pixels may propagate noisy or aberrant spectra into subsequent analysis. Finally, the pixel-
based paradigm generates extremely large datasets, often comprising tens or hundreds of
thousands of spectra per image, with the data volume increasing rapidly as the number of
analysed images grows, posing significant computational and statistical challenges.

Within this context, the object-based approach emerges as an intermediate strategy
[59]. This method consists of segmenting the hyperspectral image into meaningful regions,
the objects, and subsequently treating each object as a single analytical entity using an
image-based logic. Often, objects represent individual small samples present in the same
image capture, while only rarely they represent different regions of interest of a single bigger
sample. In any case, this approach allows a more refined exploitation of spatial information
by simultaneously considering multiple regions of the same image, while still benefiting
from dimensionality reduction and noise averaging. However, although object-based
analysis represents a compromise between global averaging and fully pixel resolved
analysis, it does not completely overcome the limitations associated with the image-based
approach, as the intra-object variability is still largely suppressed during the averaging
process.

As a result, none of the currently established strategies fully resolves the fundamental
trade-off between spectral robustness, spatial resolution, and computational burden,
leaving open a criticalmethodological gap in the effective exploitation of hyperspectral data.
However, rather than identifying the existence of a single “optimal” strategy, the
coexistence of image-based, pixel-based and object-based approaches highlights a more
profound conceptual issue: hyperspectral data do not admit a unique, privileged
representation. Each analytical perspective emphasises different aspects of the same
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physical reality, encoding complementary layers of chemical and structural information
[60].

In this perspective, the present thesis does not seek to identify a universally superior
paradigm, but rather to demonstrate that the real analytical power of HSl emerges from the
coherent integration of these different viewpoints, which might be better regarded as
synergistic rather than alternative. By systematically applying and comparing these
frameworks across different case studies, this work therefore investigates how a multi-
perspective interpretation of hyperspectral data may provide a richer, more robust, and
chemically meaningful description of complex samples than any individual approach
considered in isolation.
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1.2 CHEMOMETRICS

The increasing richness and complexity of spectroscopic data, as well as their inherent
multidimensional nature, make it evident that instrumental advances alone are not
sufficient to fully exploit the chemical information encoded within spectral measurements,
as already widely pointed out along this introductory chapter. As spectroscopic techniques
evolve from simple signal generators to high-content analytical platforms, the role of data
interpretation becomes central. In this context, chemometrics emerges not as an auxiliary
computational tool, but as an integral part of the spectroscopic measurement itself,
providing the conceptual and mathematical framework through which raw signals are
transformed into chemically meaningful information.

Traditionally, as the word itself suggests, chemometrics has been rooted in a chemistry-
driven vision of data analysis, where mathematical models are designed to represent, as
much as possible, the underlying physicochemical structure of the system under
investigation [62-64]. Classical multivariate methods, such as principal component
analysis (PCA) and partial least squares (PLS) regression, have been developed not only for
their predictive performance, but also for their interpretability, allowing the analyst to
establish meaningful connections between spectral features and chemical phenomena.
This emphasis on interpretability has long represented one of the defining strengths of
classical chemometrics, enabling the training of models that do not merely predict, but also
explain the information enclosed in the data [65,66].

However, it is crucial to acknowledge that the scientific landscape is rapidly changing
also in this regard. The present thesis is positioned at the beginning of one of the most
significant transitional phases for the field, arguably the most profound transformation in
data analysis since the expansion of computational capabilities in the 1960s and then again
in the late 1990s. These modern developments are progressively blurring the traditional
boundaries between classical, chemistry-based chemometrics and the emerging paradigm
of data-driven and deep learning approaches [67,68].

This topic remains highly controversial, with the scientific community divided between
those who argue that deep learning, due to its limited interpretability, should not be
considered as part of chemometrics [69] but rather of data science, since it betrays the
original nature of chemometric approaches, which are rooted in extracting chemical
meaning from data. On the other hand, there are those scientists who regard machine
learning models as a natural extension of data-driven statistical analysis [70], and therefore
as legitimate tools within the chemometric toolbox. This idea has been at the basis of the
modern trend in machine learning algorithm development towards what is defined as
“interpretable machine learning”. Regardless of one’s position within this debate, it is no
longer possible to extricate modern chemometrics from this evolution, which is expected to
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become increasingly dominant as the volume and complexity of analytical data continues
to grow.

In line with both the natural progression of personal scientific training and the temporal
evolution of the field itself, the early stages of this thesis were strongly grounded in the
consolidation of classical multivariate strategies, with a particular focus on model
robustness, transparency, and chemical interpretability. The final part of the thesis,
however, moves towards the exploration of modern deep learning frameworks, where
modelling shifts towards a more mathematically driven perspective. Rather than
representing a discontinuity, this transition is treated here as a conceptual evolution, in
which the strengths of traditional chemometric thinking are deliberately carried into the
deep learning domain. In this view, the work aims to contribute to the development of
analytical models that combine the explanatory power of chemistry-based approaches with
the flexibility and representational capacity of modern machine learning.

25



2 FORENSIC APPLICATIONS

The primary function of forensic sciences is to assist decision-makers in quantifying the
nature of a criminal act and subsequently enabling informed decision-making based on the
evaluation of evidence. However, it is insufficient to merely observe the forensic traces for
them to attain relevance. Indeed, the crucial role of forensic practitioners is to assign the
appropriate significance to these pieces of evidence through their decoding and
understanding using specialised knowledge [71] and to communicate these results
comprehensibly to non-scientists, such as judges or attorneys [72].

In the particular case of blood traces, the situation is analogous. It is widely
acknowledged that blood is a crucial evidence in the field of forensic science, and its role
has become even more important in recent decades due to the substantial advancements
in DNA extraction, amplification, and sequencing [73]. However, in order to fully
comprehend the significance of blood traces discovered at the scene and/or on objects
involved in the incident, and to accurately estimate the value of the findings, it is imperative
to verify whether these traces are related to the considered act of violence. The simple
presence of bloodstains, and even the subsequent genetic analysis which may be used to
associate them with a specific individual, may not be sufficient evidence in itself. This is
because the circumstances of the formation of the analysed traces, and precisely the time
of their creation, may often be questioned. Hence, ascertaining whether these traces were
formed during the commission of the crime is frequently of paramount importance. It is
possible to accomplish this aim by answering the question about the time elapsed since
bloodstains deposition (TSD). The determination of the TSD of bloodstains is, indeed, a
critical aspect of forensic practice, as it provides valuable information about the chronology
of events at a crime scene. Specifically, it can either inform on the time frame in which a
crime was committed or determine whether a blood trace from a suspect was created
before, during, or after the criminal event. Consequently, it could assist prosecutors in
establishing the innocence or culpability of a suspect [74].

The issue of bloodstains age is a well-established area of research in forensic science,
with the initial attempts to establish the TSD dating back to the early 20th century [75]. A
number of approaches have been posited to address this issue, including the quantification
of RNA degradation [76,77], the evaluation of aspartic acid racemisation rate [78], the study
of the circadian hormones [79], the assessment of enzyme activity [80], and the
measurement of fluorescence lifetime [81,82]. A range of analytical techniques have been
utilised in the attempt to identify a suitable method for estimating the age of bloodstains.
These techniques include high-performance liquid chromatography (HPLC) [83,84],
electron paramagnetic resonance (EPR) [85], immunoelectrophoresis [86], and atomic
force microscopy[87]. Nevertheless, it should be noted that the aforementioned techniques
are all time-consuming and require sample preparation, which in turn causes the
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destruction of the specimen under analysis. Consequently, they are not optimal for the
forensic practice, which demands timely, on-scene, and repeatable analysis.

In this framework, spectroscopic techniques offer several significant advantages,
including their rapidity, reproducibility, non-contact and non-destructive nature.
Furthermore, these techniques have the potential to be rendered portable to a certain
extent, and research in this area is progressing rapidly. Comprehensive reviews, including
those by Bremmer et al. [88] as well as Zadora and Menzyk [89], have extensively delved into
the ageing process of bloodstains and the spectroscopic techniques developed to ascertain
their TSD; hence, they should serve as a fundamental source of information on this matter.

Ultraviolet-visible (UV-Vis) spectroscopy was arguably the primary and most extensively
investigated technique employed by scientists to study the TSD of bloodstains [89], given
that blood undergoes a colour change when exposed to air. This technique has been applied
in both short (2 days [90]) and long (200 days [91]) time frames, with satisfactory results.
Another well-studied technique is Raman spectroscopy, which has proven to be very
precise and robust over short time periods [92], though it is less efficient for TSD larger than
a couple of weeks due to increased sample fluorescence. The technique was further
advanced by Menzyk et al [93], who proposed a strategy to overcome the sample
degradation issue due to laser exposure. In addition, infrared (IR) spectroscopy was
investigated as a possible technique for bloodstain dating as well, thanks to the medium
infrared (MIR) spectroscopy capability to identify functional groups and changes in protein
structure. This technique was primarily investigated in the attenuated total reflection (ATR)
mode and has been demonstrated to be effective over medium to long time periods (ranging
from two to six months from deposition) [94]. NIR spectroscopy may also prove usefulin this
context, since it can describe both protein structure and water evaporation, the two main
processes which characterise blood ageing. However, the potential of this wavelength range
has been investigated just in a limited number of studies [95-97].

Despite the various attempts that have been described, no single method nor the
combination of several solutions has been universally adopted by the forensic community.
This protracted impasse may be partially attributed to the fact that most of the proposed
solutions have been presented through a purely scientific/analytical approach rather than
through the perspective of forensic sciences. In other words, the models for blood dating
were developed usually in laboratory conditions as a universal tool to solve the issue of time,
overlooking the fact that forensic science is not as extrapolative as, for example, analytical
chemistry, where a result can be predicted when setting up an experiment and developing a
regression model. Rather, forensic science is retrodictive and contextual, and should be
treated as such also in research. In particular, in the case of bloodstain dating,
circumstantial characteristics which differ between one crime scene and the next — here
primarily understood as the environmental conditions at the crime scene - render each
particular case somewhat unique. Consequently, it is reasonable to hypothesise that they
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will be highly significant in determining the course and rate of blood degradation processes
and thus will influence the sought-after answer: the bloodstain age.

In recent years, however, an alternative approach to address the dating challenge has
been suggested, proposing a comprehensive shift in perspective [93,98,99]. The hypothesis
under consideration is that the challenges stemming from the variability in aging kinetics
can be mitigated by replacing the conventional dating methodology, which implies the
comparison of each new sample to a global validated model, as briefly described above,
with a case-specific comparative analysis. The fundamental concept underpinning this
approach involves the assessment of the (dis)similarity between the stage of evidence
decomposition and sets of reference materials, namely bloodstains obtained through
supervised aging, with the objective of recreating the degradation conditions at the crime
scene with the utmost accuracy. This suggests that each dating procedure would be
customised for specific cases, with the objective of accommodating the unique
characteristics of the examined traces. Consequently, this approach seeks to diminish the
impact of external factors, such as environmental conditions and substrate nature, on the
validity of the analysis to a significant degree. Nevertheless, the implementation of this
tactic remains contingent upon the development of a methodology that facilitates the
characterisation of the degree of degradation presentin both the evidentialand comparative
bloodstains.

The present chapter of this thesis fits into the presented research topic, and in particular
it articulates in two distinct but consecutive case studies that aim to answer the following
crucial questions in bloodstain dating research:

1. Is NIR spectroscopy capable of effectively monitoring the process of blood
degradation during the ageing process, thereby providing satisfactory dating
models?

2. How do NIR spectroscopy performances compare with those of the most commonly
used spectroscopic techniques in this field, i.e. UV-Vis and Raman spectroscopies?

3. Is the combination of different spectroscopic techniques a possible approach for
enhancing the precision of bloodstains dating performances?

4. lIs it possible to evaluate the effect of environmental conditions and substrate of
deposition on the bloodstains ageing kinetics?

5. Is the effect of environmental conditions and substrate of deposition universal, or
rather does each factor exert a distinct influence on each spectroscopic technique?

The present chapter concludes with a final section that draws upon the innovative
perspective derived from the results presented and discussed to proposes a forensic dating
protocol. This protocol, conceived as a compendium for best practices, has the potential to
function as an analytical guideline, delineating the most efficacious dating approaches in
accordance with contextual information and the properties of the bloodstain evidence in
question. The objective of this initiative is twofold: firstly, to standardise the procedure for
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the secure collection, storage and preservation of forensic trace material intended for
dating purposes; and secondly to provide guidelines for efficient and robust dating model
development.
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2.1 BLOODSTAINS DATING BY MEANS OF NIR AND UV-Vis
SPECTROSCOPY - A CRITICAL COMPARISON

2.1.1 Introduction

The establishment of the timing of bloodstain deposition used to rely on visually
comparing changes in blood colour [75,100]. However, these techniques were soon
surpassed by more sophisticated and objective analytical techniques, including
spectrophotometric [101,102], chromatographic [83,103], or spectroscopic approaches
[92,104-106]. In a relatively short time, indeed, the methods of absorbance spectroscopy in
the UV-Vis range [90,102,106-109] and vibrational spectroscopies, either Raman
[92,93,98,110-112] or mid-infrared [94,113,114] became the primary tools for researchers
attempting blood dating. These choices were led by the hypothesis that, following the
evaporation of the agueous component of plasma, the remaining part of the degrading blood
consists primarily of red blood cells and the iron-containing protein haemoglobin. Time-
dependent transformations of this tetrameric protein are reflected in Raman or UV-Vis
spectra, showing characteristic changes during the formation of methaemoglobin or hemo-
and hemichromes [115]. Concurrently, infrared spectroscopy demonstrated efficacy in the
observation of the progression of dehydration of bloodstain residues and methaemoglobin
formation in the subsequent ageing stages [97]. Considering the complementary nature of
information provided by different spectroscopic techniques, it can be concluded that the
combination of two analytical methods, with a focus on distinct aspects of blood
degradation, could contribute to a more precise estimation of the age of the trace. It is
noteworthy that, to date, no research team has opted to adopt this approach.

In this context, it is somewhat surprising that NIR radiation received reduced
consideration, despite its ability to describe, among other features, protein structure and
water content [116]. Indeed, only a small number of studies have applied this technique to
bloodstain dating [95,97,104], utilising a variety of configurations (point analysis,
hyperspectralimage analysis), time frames (ranging from 19 days to one month), and diverse
data analysis approaches (multivariate and univariate). In particular, the performances of
NIR spectroscopy were never compared to those of the most affirmed techniques described
above.

In consideration of the aforementioned background, the present study initially
conducted a comparative analysis of the performances of NIR spectroscopy in bloodstain
dating and TSD determination with those of UV-Vis spectroscopy. The primary objective of
the present research is thus to evaluate the efficacy of NIR and UV-Vis spectroscopies in
monitoring the degradation processes of blood and in verifying the effectiveness of
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predicting the age of bloodstains through the utilisation of individual methods. In order to
evaluate this, blood samples were collected from healthy donors, and blooddrops ageing
was monitored over a period of 16 days using both techniques. Subsequently, PLS
regression was used to formulate models capable of predicting sample age from spectral
information. The performance of the obtained models, expressed in the form of root mean
square error of prediction (RMSEP), served as a quality evaluation parameter for each
technique.

Afterwards, the two spectroscopic methods were combined to facilitate a more
profound comprehension of the transformations that occur during bloodstain aging. At this
stage, the study integrated spectroscopic data (including both NIR and UV-Vis) from a data
fusion perspective in order to construct combined PLS models.
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2.1.2 Results and discussion

2.1.2.1 Chemical interpretation of changes during aging

Prior to the utilisation of chemometric tools, a chemical interpretation of the recorded
signals was conducted to comprehend the various aspects of blood degradation observable
through specific analytical methods. Initially, this analysis was performed through visual
observation of registered signals, considering either all analysed samples (Figure 2.1A and
C) or one average spectrum for each time point (Figure 2.1B and D).
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Figure 2.1: A: UV-Vis raw data; B: Average behaviour of UV-Vis data, obtained by averaging
spectra for each time point; C: NIR raw data; D: Average behaviour of NIR data, obtained by
averaging spectra for each time point. The graphs are coloured according to time, ranging
from day 1 (dark blue) to day 16 (light yellow).
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Time-dependent changes were readily observed in the UV-Vis spectra, even during visual
inspection, both on individual spectra from all analysed bloodstains, registered for every
time point (Figure 2.1A), and, even more evidently, on averaged spectra (Figure 2.1B). The
most significant changes were observed especially within the 350 to 700 nm range. It is
noteworthy that the Soret band’s maximum, which is present at approximately 420 nm in
“fresh” samples (blue in the figure), undergoes a shift in position during the process of
sample degradation, thereby demonstrating a phenomenon referred to as a blue shift, i.e.,
a shift characterised by the movement of the maximum towards lower wavelengths [115].
These changes were accompanied by distortions in the 500-650 nm region, which
encompasses, among others, the so-called Q-bands [102]. These can be further
categorised into the alpha (a) and beta (B) bands, whose maxima correspond to 542 and 576
nm, respectively, in “fresh” bloodstains dominated by oxyhaemoglobin. In the case of these
bands, time-dependent changes involved an intensity decrease, a broadening, and the
tendency to merge into one band with increasing TSD. This feature constituted the spectral
indication of methaemoglobin formation. A transformation of oxyhaemoglobin to
methaemoglobin (metHb) was detected also in an incremental rise in the absorbance
extinction coefficient at a wavelength of approximately 630 nm [117]. Allthe aforementioned
observations remained consistent with previous literary reports [90,102,106-109]. Both the
Q-bands and the Soret band are interpreted as 1/m* transitions, arising from electron
delocalisation extending across the tetrapyrrole ring of porphyrins [118]. It is evident that
these bands demonstrated a high degree of sensitivity to structural alterations, which occur
particularly during ligand exchange processes at the nitrogen atoms level of pyrrole rings.
Consequently, the distortions resulting from the formation of new haemoglobin derivatives
over time are entirely justified.

The raw NIR spectra are presented in Figure 2.1C, which illustrates the spectral
signatures corresponding to all the analysed bloodstains, and in Figure 2.1D, which
presents averaged colour-coded signals based on the time elapsed since deposition. A
visual evaluation of the averaged spectra indicates that while certain spectral changes are
immediately apparent, their interpretation is considerably more challenging compared to
that for UV-Vis spectroscopy, particularly in the absence of a preliminary signal processing
stage. Itis notable that a decline in intensity over time is evident in the range of 10,000-9500
cm, followed by the presence of an isosbestic point [97] around 9500 cm. It is noteworthy
that between 8000-6500 cm™, the region where the O-H stretching first overtone vibration
region is located, the absorbance appears to remain relatively constant, despite the
anticipated decline over time due to water evaporation. Nevertheless, it is important to
acknowledge the possibility that at least a portion of the observed variability in this spectral
region might be attributable to scattering effects. As is commonly understood, pre-
processing of NIR spectrais a crucial preliminary step before engaging in any advanced data
analysis. This is due to the fact that the process of acquiring spectra is vulnerable to

33



distortions caused by variations in the path length of electromagnetic radiation stemming
from alterations in measurement geometry, sample thickness, or its physical properties
[119], which may be the case in this instance. Another potential explanation for the observed
deviation from expected spectralchanges is the presence, within the range of approximately
6000-5700 cm™, of bands corresponding to protein structures such as haemoglobin,
albumin, and globulin connected to the first overtone of C-H stretching vibrations [97].
Conversely, at approximately 5200 cm™', where the maximum of the water band is observed,
arising from the combination band of O-H stretching and O-H bending, the anticipated
behaviour can be discerned. In fact, within this region, the absorbance intensity diminishes
over time as a results of water loss occurring as the samples undergoes the process of
ageing. Incomparison to the first O-H stretching overtone, the more pronounced correlation
of this combination band with ageing may be attributable to its higher intensity in the NIR
spectrum. Indeed, this spectral region has previously been employed by Botonjic-Sehic et
al. [104] to estimate the TSD of bloodstains. Finally, between 5000-4000 cm™, protein
absorption bands are present. In this region, bands can be attributed to the N-H bending
second overtone, the combination of C-H stretching and C=0 stretching, and the
combination of C-O stretching, N-H in-plane bending and C-N stretching [22]. It can be
posited that the observed decrease in intensity of these bands with the age of the
bloodstains can be explained by the degradation of protein structures, such as
haemoglobin, albumin, and/or globulin [97].

This preliminary chemical exploration of recorded signals resulted in the conclusion that
both the tested methods exhibited some potentialin answering the question of time elapsed
since bloodstain deposition. The application of chemometric tools was imperative in order
to achieve this objective.

2.1.2.2 Unsupervised analysis

Chemometric analysis commenced with an exploratory approach. PCA was applied in
particular to deconvolute the main sources of variance within the spectral dataset. The
results of the PCA on the raw data are displayed in Figure 2.2 for UV-Vis spectroscopy and
in Figure 2.3 for NIR spectroscopy.
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Figure 2.2: Score scatter plots for raw UV-Vis data. A: Score scatter plot coloured
according to sample (i.e., single bloodstain); B: Score scatter plot coloured according to
TSD; C: Score scatter plot coloured according to analytical session; D: Score scatter plot

coloured according to different subject. Each score scatter plot has its own legend for
colour codification.

A visual analysis of the score plots indicates that UV-Vis spectra are characterised by a
pronounced grouping within the PC space connected to the sample, as clearly illustrated in
Figure 2.2A. This finding suggests that the primary source of variability in the dataset is
attributable to individual differences in the spectra of the bloodstains. When comparing this
figure to Figure 2.2C and 2.2D, displaying the data coloured according to subject identity
and analytical session of analysis, respectively, it is noteworthy that the discussed
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behaviour is not subject- nor session-dependent. In fact, two bloodstains from the same
subject collected during the same analytical session (forinstance, R1 and R2 in Figure 2.2A)
are sometimes found to be further apart on the score space than two bloodstains from
different subjects collected during different analytical sessions (for instance, P4 and R2 in
Figure 2.2A). This robust grouping is likely associated with the physical characteristics of
the samples, particularly the thickness of the blood layer on the substrate. Indeed, blood
was manually smeared on thin glass supports prior to analysis, and smear thickness could
not be kept constant nor measured analytically during data analysis. This experimental
aspect, however, should not be regarded as a limitation of the study, since it mirrors the
situation in real-case scenarios, when blood is of course deposited in a non-controlled
fashion with consequently varying physical properties.

No other trend could be revised in the PCA space, probably masked by the strong effect
of subject. Indeed, no significant grouping nor tendency can be observed neither in Figure
2.2C nor 2.2D. this assertion can be made with equal validity in the case of Figure 2.2B,
showcasing the data coloured according to the time of analysis. This last result may appear
surprising when compared to the results displayed in the raw spectra analysis, which
demonstrated a strong correlation between spectral signature and TSD, butitin fact reflects
the significant enhancement in the description of the data when applying the average. In
particular, if going back to Figure 2.1A after these observations, it is evident that the
predominant effect of the sample can be discerned, in the form of intensity distortion for
different samples. These distortions are represented by the well-defined series of time-
resolved spectra presented in the figure. These observations underscore the necessity to
implement a specific signal pre-processing technique to eliminate the effect of the samples.
In particular, conventional line pre-processing by means of standard normal variate (SNV)
transform [120] was employed, followed by a pre-processing specific to solving this
problem, namely class centering. As outlined in the Materials and methods section (2.1.3)
of this chapter, class centering is a column mean centering applied to each of the class
whose variance is unwanted. In this case, the class is the sample. The purpose of this
process is to normalise for the class mean and thus remove its effect from the dataset.
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On the contrary, the grouping connected to sample observed in the PC space of the
score plots obtained by NIR data (Figure 2.3A) is minimal. When colouring the score space
according to the four analytical sessions (Figure 2.3C) there is some indication of grouping,
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with data from the same analytical session occupying the same region of the PC space.
However, all the groups exhibit at least some overlap, and the situation is not nearly as
critical as that observed for sample grouping in UV-Vis spectroscopy. The same can be
stated when considering the effect of the subject in Figure 2.3 D, wherein the five subjects
remain partially grouped in contiguous regions of the PC space, but each group presents a
good overlap with the others. Furthermore, the variability connected to the time trend is not
dominant (Figure 2.3B), yet a suggestion of trend can be identified along PC2, which
generally presents “fresh” samples at positive values (blue in the figure) and aged samples
at negative values (yellow in the figure). The inability to identify a significant source of
variability in the results of PCA for NIR spectroscopy further corroborates the observation
derived from the analysis of raw spectra, namely that scattering effects predominate in this
technique, and thar data must be subjected to pre-processing to ensure satisfactory
chemometric results. In particular, the SNV transform line pre-processing, which is
conventionally employed to address this issue, was applied to the NIR data for further
analysis.

After implementation of the appropriate signal pre-processing on each technique’s data
matrix, PCA was repeated, and the results are illustrated in Figure 2.4 for UV-Vis
spectroscopy and in Figure 2.5 for NIR spectroscopy.

Comparing Figure 2.2A to Figure 2.4A, both representing the PC space coloured
according to sample, but before and after pre-processing, respectively, it is immediately
apparent that the pretreatment used on UV-Vis spectra solved the problem of the
substantial systematic difference between samples. Indeed, the predominant source of
variability can now be readily identified to be the time trend, as demonstrated in Figure 2.4B.
Specifically, the TSD information results explained along PC1, with “fresh” samples (blue in
the figure) positioned at positive values of scores on this component and aged samples
(yellow in the figure) situated at negative scores. Figure 2.4B and 2.4C, on the other hand,
do not display any significant grouping, neither in terms of analytical session nor subject.
This finding is consistent with the observation made from the PCA on raw data.
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Figure 2.4: Score scatter plots for pre-processed (SNV transform + class centering) UV-Vis
data. A: Score scatter plot coloured according to samples (i.e., single bloodstain); B: Score
scatter plot coloured according to TSD; C: Score scatter plot coloured according to
analytical session; D: Score scatter plot coloured according to different subject. Each
score scatter plot has its own legend for colour codification.
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Figure 2.5: Score scatter plots for pre-processed (SNV transformed) NIR data. A: Score
scatter plot coloured according to sample (i.e., single bloodstain); B: Score scatter plot
coloured according to TSD; C: Score scatter plot coloured according to analytical session;

D: Score scatter plot coloured according to different subject. Each score scatter plot has
its own legend for colour codification.

Analysing PCA results on NIR data, as shown in Figure 2.5, pre-processing was
beneficial also in this instance. The temporal trend was evidenced, as illustrated in Figure
2.5B, where itis evident that TSD has become a significant source of variability for both PC1
and PC2, thereby demonstrating the time trend in an oblique direction. The “fresh” samples
(in blue in the figure) are positioned at positive values of both PC1 and PC2, while the aged
samples (in yellow in the figure) are situated at negative values of both components.

40



Grouping according to sample was correctly dealt with by the pre-processing (Figure 2.5A),
while the minor grouping according to analytical session and subject exhibited a marginal
improvement, though not complete elimination, following the pre-processing (Figure 2.5C
and 2.5D).

An interesting outcome that can be drawn from PCA results of both techniques,
irrespective of the pre-processing, is that blood donors have a low influence on NIR
spectroscopy and almost no influence at all on UV-Vis spectroscopy. This may provide a
preliminary indication thatinterindividual differences can be accounted for by chemometric
processing. Conversely, the minimal influence ascribed to the analytical session is
unsurprising, given that the experiments were carried out in controlled laboratory
conditions. The substantial overlap observed between session can thus be interpreted as
an indication of repeatability.

Subsequently, loadings of the PCA models obtained on pre-processed data, reported in
Figure 2.6, were analysed for both spectroscopic techniques. It is important to underline
that the loading profiles depicted in Figure 2.6, which are utilised for band attribution, are
derived from pre-processed data. To circumvent the risk for misinterpretation arising from
pre-processing artefacts [15], the pre-processing was reversed to generate the graphs,
thereby ensuring a more precise reflection of the spectral signatures of raw data.
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Figure 2.6: PCA loading line plots. A: Loadings for PC1 and PC2 (pre-processing = SNV
transform + class centering) for UV-Vis spectroscopy; B: Loadings for PC1 and PC2 (pre-
processing = SNV transform) for NIR spectroscopy.
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For UV-Vis spectroscopy, the PC1 loadings (Figure 2.6A) display a negative contribution
from the metHb band, as evidenced by the negative peak observed at approximately 630
nm. This finding suggests that samples with negative PC1 values, i.e. aged samples, are
characterised by higher concentrations of methaemoglobin. Conversely, the Q bands
exhibited a positive contribution to PC1, thereby emphasising that “fresh” samples,
positioned at positive values on this PC, are characterised by higher intensity levels at these
specific wavelengths. In a similar manner, the Soret band demonstrates a positive
contribution at approximately 440 nm, underlining the higher contribution of this band for
“fresh” samples. A thorough examination of the scores and loadings reveals that higher
absorbances inthe metHb band and higher wavenumbers in the maximum of the Soret band
are indicative of aged samples. Conversely, higher absorbances in the Q-bands are typical
for newly deposited samples. This finding aligns with observations derived from visual
interpretation of spectra (section 2.1.2.1). Although reported for the sake of
comprehensiveness, PC2 loadings contributed little to the interpretation of the data, as
evidenced by the absence of variability in this principal component, as illustrated in Figure
2.4.

Upon investigating the PCA loadings derived from NIR data (Figure 2.6B), it becomes
discernible that the protein bands, spanning the range of approximately 4000 cm™ to
approximately 5200 cm™, are predominantly contributing to PC1. In particular, higher values
of PC1 are indicative of samples exhibiting heightened protein band intensity; upon
performing a joined interpretation with the score plot, it can be observed that this area of the
orthogonal space corresponds to newly deposited bloodstains. Indeed, these bloodstains
present higher intensities in those bands connected to lower protein degradation.
Conversely, the aged samples characterised by higher levels of degradation can be found at
negative values of PC1. When PC2is considered, loadings demonstrate higher contributions
from the water stretching and bending combination band at approximately 5500 cm™, for
which higher intensities result in higher scores on PC2. The opposite behaviour can be
observed for the band around 6300 cm™, attributed to the N-H stretching vibration of amide
groups, which exhibit negative PC2 loadings. When the score plot is considered for a joint
interpretation, newly deposited samples display higher scores on PC2, thereby confirming
their higher content of water, as reflected by the higher intensities observed in the water
band during the analysis of raw spectral data. Furthermore, the negative contribution of
amide bonds supports the hypothesis of a structural degradation of proteins during the
ageing process.

In summary, PCA was able to emphasise the paramount importance of pre-processing
in order to deal with unwanted effects in the data. It also highlighted a critical sample effect
on UV-Vis data that could not be evidenced in NIR data. Moreover, PCA confirmed the
suitability of both instrumental techniques for describing the evolution of blood samples
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during the ageing process, as evidenced by the time trend dependence of scores evidenced
in the PC space. Nevertheless, in order to achieve the modelling objective of the study and
to make a comparison of the dating performance of the two techniques, it was necessary to
apply supervised regression techniques.

2.1.2.3 Supervised analysis

The first step of the supervised analysis involved optimising regression models to predict
the TSD using the data from each instrument separately. The regression results were
therefore optimised with an instrument-tailored approach to maximise the performance of
both techniques. To this end, the samples were divided into independent training and test
sets. The former contained three subjects and three analytical sessions for a total of 216
spectra, while the latter contained two additional subjects and one analytical session for a
total of 72 spectra.

The initial phase of the regression training consisted in the optimisation of the pre-
processing stage, which was conducted separately for the two analytical techniques. A total
of 92 combinations of pre-processing were evaluated, and the optimal combination was
chosen by minimising RMSECV. When RMSECV was not significantly different between the
top-ranking models, the configuration that displayed the lowest complexity was selected.
The pre-processing approach that proved to be most effective for UV-Vis data was found to
be first derivative followed by normalisation (Norm1) and then by class centering, resulting
ina RMSECYV of 0.97 days and displaying 5 significant latent variables. Notably, of the 92 pre-
processing combinations, the half encompassing class centering exhibited superior
performance in comparison to the remaining half. This outcome underscores the crucial
role of addressing the bias caused by the physical differences among samples in order to
extract the desired information, thereby validating the efficacy of class centering as a
solution to this issue.

Consequently, UV-Vis data required a “strong” pre-processing to ensure the attainment
of satisfactory results. While this may not pose a significant challenge from a computational
perspective, since the calculation speed of chemometric software is no longer problematic,
the main issue resides in the equation of the pre-processing itself. Indeed, the calculation
necessitates the estimation of the global mean of the time trend, thereby requiring the
complete time trend to be analysed. Indeed, the mean spectrum of a specific bloodstain
varies according to the number of sampling times considered and the time range those
acquisitions cover. It is imperative that the number of sampling points and the time covered
correspond for the training and test sets in order to ensure the correct application of the pre-
processing. Nevertheless, while acquiring the complete time trend is not problematic in an
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experimental setup, itis in factimpossible in real-case scenarios. The necessity of applying
a dating technique implies in fact the impossibility of following the evolution of the unknown
sample for the entirety of its ageing process. It is therefore essential to evaluate the
performance of UV-Vis spectroscopy in both situations, i.e. with and without using this pre-
processing, in order to gain information that could be valuable whenever the proposed
methods might be transferred to the forensic practice.

For this reason, the best model that did not use class centering was kept for further
consideration as well. In this case, the optimal pre-processing combination resulted to be
normalisation (Norm1) followed by the first derivative, which resulted in a model with
RMSECV = 1.67 days and a total of 9 significant latent variables. The increased complexity,
in conjunction with an almost double cross-validation error, serves to emphasise the
augmented strain on the regression algorithm in efficiently predicting TSD. This outcome
serves to substantiate once again the conclusion that the physical features associated with
the samples have a considerable impact on UV-Vis data.

Conversely, the outcomes derived from NIR spectroscopy were more unambiguous. In
this case, the best pre-processing approach resulted to be the application of the first
derivative followed by SNV transform, which yielded a RMSECYV of 2.20 days and exhibited a
complexity of 5 significant latent variables. The investigation revealed that no model using
class centering was evaluated as one of top 20 optimal solutions, thereby substantiating the
negligible impact of class effects on NIR spectroscopy. This outcome corroborates the PCA
results, indicating a strong independence of NIR spectroscopy results from the choice of
pre-processing, thereby rendering the technique more robust than UV-Vis spectroscopy.

The three selected models where then subjected to a permutation test, and all proved to
be significantly different (p < 0.005) when compared to a model constructed from the same
dataset using randomisation. The specifications of the models are documented in Table
2.1.

Table 2.1: Summary of figures of merit for the selected regression models.

Data Pre-processing Latent RMSEC RMSECV RMSEP R?
Variables (days) (days) (days)

UV-Vis | 1st derivative + norm1 + | 5 0.74 0.96 1.67 0.96

A class centering

UV-Vis | Norm1 + 1st derivative 9 1.18 1.67 3.18 0.88

B

NIR 1st derivative + SNV |5 2.03 2.20 2.30 0.83
transform
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Figure 2.7: Results of the PLS regression models on the test set. A: Model for UV-Vis data,
pre-processing = 1st derivative + norm1 + class centering; B: Model for UV-Vis data, pre-
processing = Norm1 + 1st derivative; C: Model for NIR data, pre-processing = 1st derivative
+ SNV transform.

Finally, the models were applied to the test setin order to verify their prediction ability of
the models and the accuracy with which bloodstain age could be assessed. The results of
the prediction are summarised in Table 2.1 and in Figure 2.7. In particular UV-Vis, when
treated with a combination of pre-processing techniques which encompassed the use of
class centering, provided the most precise method for bloodstain dating, demonstrating a
RMSEP of 1.67 days, i.e., about 40 hours. Conversely, when class centering was not applied,
UV-Vis spectroscopy yielded a prediction error of 3.18 days, equivalent to approximately 76
hours. NIR spectroscopy presented an RMSEP of 2.30 days, which is equivalent to 55 hours.
The satisfactory dating results obtained on the test set, which contains blood from two
different donors than the ones used in the training set, lend support to the hypothesis that
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the influence of the donor on the blood ageing process is reduced. This suggests that
satisfactory dating models could be obtained using blood from different donors that the one
of the unknown samples. However, this hypothesis must be confirmed by further analysis
on a wider cohort of subjects.

The findings of this study demonstrate that both NIR and UV-Vis spectroscopies have the
capacity to predict the TSD of bloodstains with satisfactory performances. When class
centering was applied, UV-Vis spectroscopy was identified as the most accurate method for
obtaining the blood dating, yielding a prediction error of 40 hours in comparison to the 50
hours observed for NIR spectroscopy. The models’ dating performances align with what was
reported in previous literature, where the RMSEP for the models developed for NIR data was
approximately 2.7 days [97], and for the UV-Vis achieved RMSEPs oscillating around one day
[90,91,107,121]. Conversely, when class centering is not applied, RMSEP for UV-Vis
spectroscopy reaches 76 hours, which is significantly worse than the 50 hours of NIR
spectroscopy. The robustness of NIR spectroscopy is further substantiated by the
observation that the variation between RMSE in calibration, cross-validation and prediction
is minimal when compared to that observed in UV-Vis spectroscopy, both with and without
the application of class centering (see Table 2.2). Indeed, a low delta between RMSEC,
RMSECV and RMSEP generally signifies a reduced probability of model overfitting [122] and
thus an enhanced robustness of the model.

With regard to latent variables, itis noteworthy that the model for NIR and the one for UV-
Vis data exhibit the same complexity when class centering is applied. Conversely, the
complexity is higher when class centering is not applied. This finding suggests that, without
using this pre-processing, the PLS algorithm experiences greater difficulty in isolating the
variability associated with the time trend, having to deal with a substantial confounding
factor given by the systematic difference.

Table 2.2: Difference of RMSEC, RMSECV and RMSEP for the selected regression models. *
= lower difference among the models considered.

Data Pre-processing RMSECV-RMSEC | RMSEP-RMSECV | RMSEP-RMSEC
UV-Vis 1st derivative + n.orm1 + 0.22 0.71 0.93
A class centering
UV;IIS Norm1 + 1st derivative 0.48 1.51 1.99
NIR 1st derivative + SNV 0.17* 0.10* 0.27*
transform
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2.1.2.4 Data fusion

A combination approach was finally adopted, applying low- and mid-level fusion of NIR
and UV-Vis data. The data were fused by the concatenation of matrices, and the model
optimisation process was repeated. Both low and mid-level data fusion models were
developed either avoiding or allowing the use of class centering, and the best model was
selected according to RMSECV, determined through sample-wise cross-validation.

For this particular data processing stage, the data were divided into the same training
and test set that has been utilised in the preceding supervised analysis step. Consequently,
the construction, selection, and optimisation of models were conducted on training set
data, and subsequently the selected models were applied to the independent test set in
order to evaluate the prediction ability of the models themselves.

Two distinct approaches were employed for low-level data fusion:

1. Spectroscopic data were pre-processed prior to fusion, employing the pre-
processing method previously identified during individual PLS calibration. The data
fusion regression model was directly calculated without reiterating the pre-
processing optimisation step;

2. Theraw data matrices were concatenated, and the pre-processing optimisation was
repeated as described for the individual models. In this case, class centering was
excluded from the pre-processing options.

The results for the two approaches are shown in Figure 2.8A and B respectively and the
figures of merit pertaining to the models are reported in Table 2.3. Specifically, the model
constructed using the first approach demonstrated satisfactory cross-validation outcomes,
exhibiting an RMSECV of 0.91 days (~22 h). The second approach presented 1° derivative
followed by normalisation as the best pre-processing option and produced a model with an
almost double RMSECV (1.78 days, ~43 h). When the two models were applied to the test
set, they displayed a RMSEP of 1.62 days (~39 h) and 2.82 days (~68 h), respectively.

These results bring to the conclusion that, in the context of this particular application,
the integration of low-level data fusion did not yield substantial improvements in the
estimation of time from deposition. Indeed, even when class centering is employed, the
RMSEP was of about 39 hours, which is a non-significant reduction in the prediction error
when compared to what happens when the dating is conducted exclusively using UV-Vis.
Moreover, the method that did not apply class centering had an RMSEP higher than the 50
hours obtained by NIR alone.

47



6 Latent Variables i
v 5 Latent Variables
+'RMSEC = 0.48835 F |RMSEC = 1.2561

RMSECV = 0.90634 1
| | RMSEP = 1.6213 / | RMSECV = 1.7826
[ 10k

RMSEP = 2.8175

Y Predicted 1
(o]

Y Predicted 1

Y Measured 1 Y Measured 1

Figure 2.8: PLS regression models obtained from low-level data fusion. A: model
calculated with approach one; B: model calculated with approach two.

In the context of mid-level data fusion, two distinct approaches were employed to
calculate the models also in this case. One approach included the use of class centering,
while the other one avoided it. In particular, the first approach consisted in the
concatenation of the 5 significant latent variables obtained by the best PLS regression
model for NIR spectroscopy with the 5 significant latent variables obtained by the best PLS
regression model for UV-Vis spectroscopy encompassing the use of class centering. The
second approach fused still the same latent variables for the NIR model with the 9
significant latent variables obtained by the best PLS regression model for UV-Vis
spectroscopy without the use of class centering.

The results of PLS regression on mid-level fused data are shown in Figure 2.9, and their
figures of merit are documented in Table 2.3. The two hew models exhibited five significant
latent variables each and demonstrated a RMSECYV of 1.04 days (~25 h) and 2.14 days (~51
h) respectively. When employed for the purpose of prediction, the two models yielded a
RMSEP of 1.48 days (~36h) hours and 2.29 days (~55 h), respectively.

These data reveal a decrease in RMSEP, reaching 36 hours when class centering is
applied. This value represents the lowest recorder in the present study. Consequently, in
this case, the technique combination enhanced the dating performances of the models,
leading to a reduction in error of approximately 5 hours when compared to the results
achieved through UV-Vis alone. On the contrary, when no class centering was applied, the
RMSEP of the fused model was of approximately 55 hours, which was 5 hours higher than
the results obtained with NIR spectroscopy alone. This finding suggests that the
combination of techniques does not offer any advantage in this case. This result is of

48



paramount importance, since it emphasises that, even in the best possible scenario in
which class centering is applied, the use of both NIR and UV-Vis spectroscopy should be
preferred than the application of UV-Vis alone. This underscores the potential for NIR
spectroscopy and the combination of techniques to enhance the performance of
bloodstains dating in forensic practice.

Table 2.3: Summary of figures of merit for the low-level and mid-level data fusion
regression models.

Data Pre-processin Latent RMSEC RMSECV RMSEP
P g Variables (days) (days) (days)
UV-Vis: 1st derivative + norm1 +
Low-level class centering;
data fusion NIR: 1st derivative + SNV 5 0.49 0.91 1.62
transform
Low-le\{el 1st derivative + norm1 5 1.26 1.78 2.82
data fusion
UV-Vis: 1st derivative + norm1 +
Mid-level class centering;
data fusion NIR: 1st derivative + SNV 5 0.85 1.04 1.48
transform
Mid-level UV-Vis: norm1 + 1st derivative;
o . NIR: 1st derivative + SNV 5 1.38 2.14 2.29
data fusion
transform
14 —
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Figure 2.9: Results of PLS-R models calculated on mid-level fused data. A: Model obtained
including class centering in the pre-processing; B: Model obtained without using class
centering in the pre-processing.
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2.1.2.5 The concept of confidence interval in multivariate regression

In the forensic context, the concept of confidence interval is crucial to understand the
significance of analytical evidence in the real-case scenarios. Indeed, studies regarding the
issue of confidence interval have been carried outin several fields of forensic research, such
as entomology [123], anthropology [124], DNA evidence [125,126], death time estimation
[127,128] and documentoscopy [129]. While the calculation of a confidence interval is well
established in univariate analysis, its calculation is trickier when multivariate analysis is
concerned, and only one study concerning documentoscopy [129] deals with thisissue in a
PLS-DA context.

In chemometric practice, it is commonly accepted to use RMSEP as an estimation of a
regression model precision, and this figure of merit is sometimes referred to as the
“uncertainty” of a model. However, RMSEP (Equation 2.1) is actually an indication of the
standard deviation of the error of the prediction [130], analogous to the standard deviation
of the model (s,x, Equation 2.2) in univariate calibration, as can be observed by their
equations:

P 52
RMSEP = W (2.7)
N . 5)2
Sx/y = —Z‘”,(Vy_‘z & (2.2)
Where:

e Pisthetotal number of samples in the test set of the multivariate calibration;

e y;isthe known value for sample i;

e 3 isthe predicted value for sample i;

e Nisthe total number of samples in the test set of the univariate calibration.

In univariate calibration, the semi-amplitude of the confidence interval for a predicted
value depends on two factors: the standard error of the regression and the leverage of the
prediction point. In particular, itis obtained from the standard deviation of the regression by

multiplying it by the critical value of the Student or Z distribution at the desired confidence
level and by the square root of the leverage of the prediction point.
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Therefore, to maintain the analogy in multivariate calibration, RMSEP as well should be
multiplied for the critical t or z value and the leverage to obtain the semi-amplitude of the
confidence interval:

y =y, tt,*L*RMSEP (2.3a)
Yy =Ypt2z,*L*RMSEP (2.3b)

Clearly, such a calculation would enlarge the final confidence interval if compared to the
use of RMSEP alone. For example, in the case of the models proposed in this thesis for NIR
and UV-Vis spectroscopy, the confidence intervals would be 4.57 days for NIR (RMSEP =
2.29 days), 6.95 days for UV-Vis with class centering (RMSEP = 1.67 days) and 36.74 days for
UV-Vis without class centering (RMSEP = 3.18 days).

From these results several comments may arise. Firstly, as expected, the confidence
interval is way higher than the RMSEP, and therefore using RMSEP as a confidence interval
might lead to an overestimation of the general performances of a multivariate regression
model. More importantly, the dependence of the confidence interval on the leverage, which
is nota constant but rather a model-dependant statistic, implies thatthe results of a method
comparison might vary significantly if this comparison is done either on RMSEP or on the
confidence interval. Indeed, a model with a lower RMSEP may however be characterised by
a higher leverage, thus reversing the final outcome. Indeed, for instance, in our case study
we have lower RMSEP for UV-Vis spectroscopy compared to NIR spectroscopy, while this
situation is completely opposed when considering the confidence interval. Lastly, while the
model constructed with UV-Vis spectroscopy without the use of class centering might
appear an acceptable model when only RMSEP is observed, the confidence interval
underlines that the model cannot be used in prediction, since the uncertainty associated
with the measure is higher that the timespan covered by the measure itself.

The observations reported in this paragraph should serve as a warning to
chemometricians and may hopefully open up research towards a standardisation of
confidence interval analysis for multivariate regression analysis. However, this topic was
not pursued further during my PhD research, therefore it will not be given further
consideration in this thesis.
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2.1.3 Materials and methods

2.1.3.1 Sampling

Blood samples were obtained from five healthy volunteers, 3 males and 2 females,
aged between 25 and 41 years (average = 31). Blood was directly extracted from the fingertip
by puncturing the dermis with a lancet and was subsequently recovered using a quantitative
pipette. The blood was the deposited for analysis without the addition of any anticoagulant
agent. For each donor, the process of blood deposition was carried out at least three times
in order to account for variability.

A . .
UV - Vis analysis
X 33

NIR analysis

Jfﬁ;ﬁz_;:?__:;%
B Deposition

Analysis
i

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Figure 2.10. A: Visual schematisation of sampling procedure, with indication of samples’

numerosity; B: Measurement scheme along time. A red circle indicates the day of sample

deposition, while a green circle indicates a day during which samples were analysed. No
analysis was done on day 0.
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For analysis by means of UV-Vis spectroscopy, 20 pl aliquots of blood were deposited
onto glass slides (Pearl Microscope Slides — 1.0-1.2 mm thickness) and immediately
smeared with the assistance of another glass slide to obtain a thin layer of blood. For
analysis by means of NIR spectroscopy, 20 pl aliquots of blood were deposited directly onto
optical glass (Precision Cell, Hellma Analytics, Milan - Italy) and left to dry. The process of
sample preparation is visually summarised in Figure 2.10A.

After the process of blood deposition, the samples were permitted to dry in the dark
and at controlled laboratory conditions (T = 20+2°C, humidity = 41+2%). The samples were
deposited on day 0 (Monday) and analysed with both UV-Vis and NIR spectroscopies at 24-
hours intervals during working days, commencing on day 1. The measurement scheme is
illustrated in Figure 2.10B. The samples were monitored over a period of 16 days, with a total
of 12 sampling times.

The analytical procedure was repeated on four sessions, once during winter period
(December 2022), once during the spring period (March 2023), and twice during the summer
period (June 2023 and July 2023). It should be noted that not all subjects provided blood in
all sessions, as is detailed in Table 2.4. Each subject provided three bloodstains per
technique for each session, with the exception of subject S in the winter session, when they
provided six samples for each technique (symbolised by * in Table 2.4). In total, 33
bloodstains were analysed with each technique over the course of the study.

Table 2.4: Sampling scheme according to blood donor per session. Each cell of the table
contains the number of bloodstains each donor provided in each session.

Subject Subject Subject Subject Subject
“s” “R” “p» “c” “Q”
Winter session 6
Spring session 3 3
Summer session 1 3 3 3
Summer session 2 3 3

2.1.3.2 Instrumentation

UV-Vis analysis was performed with a Cary-100 UV-Vis Spectrophotometer (Agilent
Technologies, Santa Clara, CA, USA) equipped with a horizontal sampling integrating sphere
working in the diffuse reflection mode. The range of spectral acquisition was 350-900 nm,
with a data interval of 1.0 nm. The averaging time was 0.1 s, with a scan rate of 600 nm/min.
The spectral bandwidth was 4.0 nm. The glass support was fixed vertically on a sample
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holder, ensuring that the layer of blood covered the whole window as homogeneously as
possible. Additionally, a disk made of Spectralon® was positioned behind the glass
substrate, thereby serving as a highly reflective material, with the objective of maximising
the amount of radiation reaching the integrating sphere and the detector, through
transflection. The position of the sample on the holder was maintained constant day by day.
Three consecutive replicates were taken at every sampling time, with a total of 975 spectra
collected in the UV-Vis spectral range (26 bloodstains x 3 repetitions x 12 days of analysis +
1 bloodstain x 3 repetitions x 12 days of analysis).

NIR analyses were conducted utilising a NIRFlex Solids FT-NIR spectrophotometer,
BUCHI (BUCHI s.r.l, Flawil, Switzerland), operating in the transflection mode. In order to
obtain transflection, the bloodstains were covered by a transflector, an accessory made of
360L steel with a fixed path length. The range of spectral acquisition was 4000-10,000 cm’,
with a data interval of 4.0 cm™ and a number of scans per measurement equal to 32. A of 3
mm diameter window reducer was employed in the analysis to ensure that the analysed
sample completely covered the measuring window. Samples were analysed in triplicate on
a daily basis, slightly moving the sample between replicates, resulting in a total of 972
spectra collected within the NIR spectral range.

2.1.3.3 Data analysis

2.1.3.3.1Data organisation and exploration

Spectral data were organised into data matrices using MATLAB®, version 2023a (The
MathWorks, Natick, MA, USA). UV-Vis and NIR data were organised in two independent
matrices with samples on the rows (972 rows) and variables on the columns, with 551
wavelengths for UV-Vis data and 1501 wavenumbers for NIR data. Subsequently, the mean
of the three instrumental replicates was calculated, thus yielding a mean spectrum for each
sample on a specific day. The resulting matrices had 324 rows, while the number of columns
remained unchanged. The obtained data matrices were subjected to multivariate data
analysis using the PLS-Toolbox 9.2 software (Eigenvector Research Inc., Manson, WA, USA)
in the MATLAB® environment.

Initially, the NIR spectra were converted from the transflectance scale to the pseudo-
absorbance scale (Log (1/R)), in order to enhance interpretability of the results [131].
Subsequently, exploratory data analysis was conducted through PCA [66]. In this study, the
technique was initially implemented on raw data, with the objective of identifying patterns
and differentiating the impact of different factors, including subject, analytical session,
single bloodstain, and time on the distribution of samples in the score plot.
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Subsequently, the data underwent a pre-processing stage, with the objective of
eliminating any unwanted sources of variability and accentuate the effect of time since
deposition. The following classical line pre-processing techniques were tested: SNV [120]
transform, Savitzky-Golay 1stand 2" derivative [132], as detailed below, in conjunction with
a column scaling technique referred to as class centering. Class centering is a groupwise
column pre-processing technique that aims to account for systematic differences between
samples due to physical factors, such as the manual deposition of the blood stains. This
mathematical transform aims to centre the samples according to the mean of each class
[133,134], as detailed in Equation 2.4:

n
Yi—14Bst;

n

Agst;cc = Apse; — (2.4)

where Agg ¢, ¢ is the class centred absorbance value at wavelength A for sample BS at
timei, Az, is the absorbance value at wavelength A for sample BS at time i and n is the total
number of sampling points.

Subsequently, the PCA was reiterated following the pre-processing of the data.

2.1.3.3.2 Multivariate regression

Subsequently, PLS regression models were calculated. PLS regression is a technique
that relates the two data matrices, one containing the observed the observed spectral data
(X variables) and the other containing the time for deposition (Y variable) through a linear
multivariate model [65,135].

To build the regression model, data were splitinto a training and a test set. The training
set comprised the data from the first three analytical sessions (“Winter”, “Spring” and
“Summer 1”, see Table 2.4) and the data from three out of five subjects (subjects “S”, “P”
and “R”, one female and two male) for a total of 21 bloodstains followed for 12 sampling
times, resulting in 252 spectra. The test set was selected to be entirely independent from
the training set; consequently, the two subjects not included in the training set (“C” and
“0”), analysed in the last analytical sessions (“Summer 2”), were used, resulting in a total
of 6 bloodstains followed for 12 days, yielding 72 spectra.

The calibration of the PLS regression model was performed on the training set. The
initial stage was the optimisation of pre-processing technique through the model optimiser
option of the PLS Toolbox. In particular, the following pre-processing strategies were
considered:
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e 1%t derivative, Savitzky-Golay algorithm with 11 points window and 2" grade
interpolating function [132];

e 2" derivative, Savitzky-Golay algorithm with 11 points window and 2" grade
interpolating function [132];

e SNV transform [120];

e Normalisation obtained by division of each variable by the sum of the absolute
value of all selected variables for the given sample. This results in a vector with
an area under the curve equal to 1[136] (Norm1 in the text);

e Normalisation obtained by extracting the square root of the sum of the squared
value of all the selected variables for a given sample. The function returns a
vector of length equalto 1 [136] (Norm2 in the text);

Those pre-processing strategies were explored either alone or in combination, with
or without class centering (Equation 2.4). Mean centering always followed the
implementation of pre-processing on each data matrix. Model construction without any pre-
processing apart from mean centering was also investigated as a potential approach. The
combination of the described options resulted in the construction of 92 models for each
technique. To avoid overestimation of the model’s performances due to overfitting during
cross-validation, this stage was carried out leaving one sample out at each iteration of the
process. In detail, at each step of the iteration, a model was constructed, with all sampling
times of one bloodstain excluded. The excluded data were then used in prediction, and a
root mean square error in cross validation (RMSECV) was calculated. After the process was
repeated for all bloodstains, an average RMSECV was calculated and designated as the final
RMSECYV for that specific model. This cross-validation technique will be referred in the text
as sample-wise cross-validation. The model to be used in prediction was determined by
identifying the model that minimised the RMSECV and, when RMSECV of the top-ranking
models did not differ significantly, the model with the lowest number of latent variables was
selected.

In order to perform a more in-depth evaluation of the reliability of the model
performances, a permutation test was applied on the chosen models. The permutation test
is a statistical test that involves randomising the order of the rows in the data matrix X, but
not in the response matrix Y. this process is employed to ascertain whether the selected
model is significantly different in terms of performances when compared to a model
randomly built from the same data [137]. In this study, a permutation test was conducted
utilising the built-in tool of the PLS_Toolbox 9.2 (Eigenvector Research Inc., Manson, WA,
USA) [138].

56



The final models were then applied to the test set in order to evaluate the prediction
ability of the regression. Root mean square error in prediction (RMSEP) was calculated on
the test set data and used as an indication of the dating ability of the model.

2.1.3.3.3 Data fusion

Then, techniques combination explored. First, low-level data fusion [139] was
employed, which entails the concatenation of variables through the juxtaposition of
matrices. This procedure can be directly applied when the same sample is analysed with
more than one analytical technique, simply by constructing a new matrix with all variables
on the columns. Conversely, some precautions must be taken when analysing different
samples with the two techniques, even though they may be the same type. In the context of
the present study, different bloodstains were analysed with UV-Vis and NIR spectroscopy.
Consequently, a strategy was devised to address the samples analysed with these two
techniques as the same sample.

In this study, the information for a specific subject at a specific time was considered as
a unique sample. For instance, as demonstrated in Figure 2.11, for subject S in Summer
Session 1, an average spectrum of the three single bloodstains produced by this subject (S1,
S2, S3) was calculated at each sampling time, yielding a unique spectrum for subject S at
each sampling time for both techniques. The unique spectra were then concatenated,
juxtaposing UV-Vis and NIR wavelengths in the final matrix, which had a number of rows that
was one third of the starting matrix (96) and a number of columns that was the sum of the
number of variables of UV-Vis and NIR spectra (2052). The division of the training and test
sets was executed in accordance with the strategy previously outlined for the non-fused
matrices, yielding 6 samples x 12 sampling points =72 rows in the training setand 2 samples
x 12 sampling points = 24 rows in the test set.

Following the concatenation of the variables, a new PLS-R model was calculated on the
fused training set data. Pre-processing on the fused variables was undertaken using two
different approaches:

1. The fusion of already pre-processed data, achieved by employing the same pre-
processing techniques that were selected following the optimisation procedure
conducted for individual PLS models. Consequently, the NIR and UV-visible pre-
processing are optimised independently, and subsequently a single model is
calculated on the fused data by applying mean centering only as additional pre-
processing.
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2. Raw data from both NIR and UV-Vis spectroscopies are fused, and then the pre-
processing optimisation process is repeated on the fused matrix as previously
described. consequently, the NIR and UV-Vis spectra are subjected to the same
pre-processed procedures, and the model is selected based on the optimal pre-
processing strategy for the combined data. The final low-level data fusion
regression model was selected minimising the RMSECV, calculated using
sample-wise cross-validation as previously described.

Also in this case, the performance of the models were evaluated through the
implementation of a permutation test. The final step of low-level data fusion was to apply
the model on the test set and calculate the RMSEP with the ultimate objective of assessing
the efficacy of low-level data fusion in improving the performance of bloodstain dating.
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Figure 2.11: Graphical representation of the process of low-level data fusion.

Lastly, mid-level data fusion was implemented. Mid-level data fusion is a data
concatenation technique which uses independent regression models built on the same
samples analysed with different techniques and brings together the respective significant
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latent variables with the aim of building a new regression model [139]. Once more, in order
to apply this technique, it was necessary to render the samples analysed with UV-Vis and
NIR spectroscopies confrontable. The same strategy described for low-level data fusion was
therefore applied. In this case, no further pre-processing optimisation was needed, given
that the use of latent variables obtained from an already optimised regression model
signifies that the data must undergo independent pre-processing. The samples were divided
into training and test sets, as previously described for low-level data fusion. Then, a new PLS
regression model was trained on the new variables using sample-wise cross-validation for
model selection and permutation test for model evaluation. Finally, the model was applied
to the test set data, and the RMSEP was calculated to assess mid-level data fusion potential
in improving dating agilities for forensic bloodstains.
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2.1.4Conclusions

The present study attempted bloodstains dating for forensic purposes by utilising two
complementary spectroscopic tools, namely UV-Vis and NIR spectroscopies. This
complementarity arose from the different capabilities of the methods in monitoring
degradation processes. Indeed, the former primarily tracked the structural changes in
haemoglobin, while the latter provided information about the loss of the aqueous part of the
bloodstain. Indeed, as demonstrated by the presented research, the combination of the
information provided by the two spectroscopic ranges, which are mutually complementary,
helped to estimate the age of bloodstains with a greater degree of accuracy.

The first objective of the present research was to compare the capabilities of both
methods, applied independently, in dating bloodstains. In order to evaluate their
performances, PLS regression models, and more precisely RMSEP, were used as a
qualitative indication of the performance of these techniques. Consequently, it was
possible to identify certain differences between UV-Vis and NIR spectroscopy in the context
of bloodstain dating. The superiority of UV-Vis with class centering suggested its potential
as a leading method (RMSEP ~ 40 hours), provided the right pre-processing strategies are
employed. On the other hand, NIR spectroscopy (RMSEP ~ 50 hours) exhibits robustness
and relative independence from pre-processing steps, indicating its resilience in forensic
applications. Even more interesting is that both UV-Vis and NIR spectroscopies showed a
good degree of independence of results from blood donors. This observation holds great
promise, suggesting the possibility to use blood samples for ageing studies and practical
blood dating obtained from subjects different than the individuals who left traces at the
scene of an incident. It is evident that the study of a greater cohort of subjects would be
needed to better account for biological variability and therefore to draw solid conclusions in
this respect. Nevertheless, these results can be regarded as proof that blood donors may
not be influential in building a model for bloodstain dating.

The second stage of the research involved the merging of spectroscopic data in the
context of data fusion, to verify whether UV-Vis and NIR spectroscopies combination would
enhance the process of estimating time elapsed since bloodstain deposition. Mid-level data
fusion technique was demonstrated to reduce RMSEP, reaching a value of 36 hours when
class centering was applied to UV-Vis datasets. This represents the lowest value obtained
in this study. This finding served to corroborate the initial hypothesis regarding the potential
enhancement of blood age estimates through the implementation of complementary
spectroscopic methods, delineating further research paths.

In order to advance this research, it would be necessary to explore the synergies
between different spectroscopic methods and advanced chemometric approaches (e.g.,
data fusion) with a view to developing a more comprehensive and accurate bloodstain
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dating methodology. This multidimensional approach has the potential to refine forensic
practices and strengthen the reliability of age estimation in criminal investigations, thereby
laying the foundation for future endeavours to bridge the gap between laboratory findings
and real-world forensic challenges.
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2.2 UNDERSTANDING THE EFFECT OF ENVIRONMENTAL CONDITIONS
AND DEPOSITION SUBSTRATE ON BLOODSTAINS AGEING

2.2.1 Introduction

Despite the undeniable advantages of using spectroscopies for bloodstains dating, as
previously discussed in this chapter, the technique can be affected by interferences arising
both from the background and from the environmental conditions in which specimens are
stored between deposition and analysis. Indeed, one of the main strengths of spectroscopy
is the ability to analyse blood samples directly on their deposition substrate without
extraction or other preparation steps. However, this characteristic may also imply a non-
negligible background contribution to the spectral signature, which depends on sample
presentation (e.g. thickness, volume, penetration into the substrate) and possibly on the
wavelength range used for analysis. In forensic practice, blood is expected to be found on a
variety of surfaces, many of which have their own spectral features that could obscure blood
signals [140].

As expected, UV-Vis spectroscopy is the most affected by changes in background
colour, while this limitation can be overcome by using IR spectroscopy [97]. Only a few
studies have explicitly considered substrate characteristics. Among them, Manis et al. [95]
employed NIR spectroscopy combined with hyperspectral imaging to investigate blood-
substrate interactions and demonstrated that bloodstains aged on hydrophilic substrates
(e.g., cotton) can be described with dating models yielding better predictive performances
than those on hydrophobic substrates (e.g., polyester). Similarly, Mengual-Pujante et al.
[141] explored the use of absorbent substrates (cotton, filter paper, and regular paper)
through ATR-Fourier transform IR (ATR-FT-IR) spectroscopy, showing that non-rigid,
absorbent supports are ideal for the ATR measurements since they allow the use of the
sample without resuspension or sample damage. They also demonstrated that regression
models trained without accounting for the substrate, i.e. models that combine samples on
cotton, paper, and filter paper, perform worse than those developed for each substrate
separately. Using the same technique, bloodstain ageing on three types of soil substrates
was also investigated [114], producing separate models for each soil type. Gautam et al
[142] applied the same approach using Raman spectroscopy to predict TSD for bloodstains
deposited on facial tissue, floor tile, and linoleum, confirming that absorbent substrates
provide better predictive outcomes than non-absorbent ones.

These findings support the hypothesis that the background may not only introduce
spectral interferences but also influence the aging kinetics of bloodstains, either
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accelerating or slowing chemical transformations in the sample. This latter aspect is
crucial: while spectral interferences can be corrected through chemometric approaches,
chemical and physical alterations in blood degradation kinetics can compromise the
feasibility of global models capable of addressing diverse scenarios.

Therefore, the study of ageing kinetics and of the factors that may modify it is of
paramount importance. In this context, temperature, humidity and light exposure are the
most frequently studied factors, and their influence on bloodstain degradation and dating
has beenrepeatedly reported [89,140]. Forinstance, three studies[113,114,141] developed
dating models using ATR-FT-IR spectroscopy on samples stored either under laboratory
conditions or outdoor conditions. However, temperature and humidity were not monitored,
preventing firm conclusions about their actual effects. The main objective of these studies
was in fact to increase sample variability to improve model robustness, yet the impact of
this variability on ageing was largely overlooked. Moreover, both Mengual-Pujante etal. [141]
and Lin et al. [113] observed that merging models derived from indoor and outdoor samples
led to poorer dating performance, suggesting that the conditions may indeed affect the
ageing rate. The role of storage temperature in bloodstain ageing has also been explored
using UV-Vis [115,143], and Raman spectroscopy [112,144], but in all cases, temperature
and/or humidity were examined individually and with the sole aim of producing single dating
models. Consequently, both the individual and combined effects and interactions among
the factors, such as temperature, humidity, illumination and substrate, remain
unaddressed. This information would however be extremely relevant in real-case scenarios,
and even more if we consider that clear guidelines for forensic practitioners are needed in
order to ensure efficient sampling and on-scene proof collection.

Such an in-depth understanding of factors’ effects and their interaction can be carried
out by means of design of experiment (DoE) and analysis of variance (ANOVA) [145], and
when dealing with multivariate dataset, such as those deriving from spectroscopic
techniques, multivariate analysis of variance techniques such as ANOVA simultaneous
component analysis (ASCA), multivariate ANOVA (MANOVA) and regularised MANOVA
(RMANOVA) are the most suitable [146-148]. In particular, MANOVA is a statistical method
employed to explore factors effect and their interrelations when samples are described with
multiple variables [147,149]. Compared to ASCA [146,150], arguably the most used
approach in this application field, MANOVA has the advantage of considering eventual
interaction between variables along the whole process, including the dimension reduction
step, potentially providing more precise results. However, MANOVA is limited by the fact
that it can only be applied when the number of samples is (much) higher than that of
variables to obtain reliable statistics from the results [148]. RMANOVA overcomes this
drawback by applying a shrinkage function, thus maintaining the information and becoming
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applicable even when the number of variables is (much) larger than the number of samples
[146,148].

These approaches have already been proven usefulin several fields of research, such as
food chemistry [151-153] and biology [154,155]. In particular, one study proved that the
application of ASCA on NIR spectra of honey was able to discriminate and describe the
effect of temperature, irradiation, adulteration and time on honey samples [156]. However,
to date only one study [93] has applied these techniques in a forensic framework. In
particular, RMANOVA was used to determine whether an acquisition configuration in Raman
spectroscopyyielded better result than the classical configuration for bloodstain dating. No
application of those techniques have, to date, ever been applied to ruling out the effect of
environmental conditions and substrate of deposition on bloodstain ageing.

In the described context, this study aims at analysing, quantifying and comparing the
effects of climatic conditions (intended as covariation of temperature and humidity),
illumination and substrate of deposition of samples on forensic bloodstains ageing process,
in order to rule out which of the factors have a significant effect and focusing on their
interactions. To reach this goal, bloodstains were deposited on four substrates (cotton,
polyblend fabric, glass and metal) and aged in four different environmental conditions,
controlling temperature, humidity, and illumination and mimicking the real day-night
alternance by means of a climatic chamber equipped with a solar lamp. The ageing of all
samples was followed for two weeks, for a total of fourteen sampling times, by means of a
portable NIR spectrophotometer and a benchtop Raman microscope. This experimental
scheme allows, as an additional outcome, to study the differences in factors’ effects with
respect to the chosen analytical technique. It is important to notice that, to address the
significance, all the studied effects were compared both with typical statistical thresholds
(p value) and with the effect of subject, treated as a dummy factor. This data processing
strategy was intended to verify if the importance of evaluating environmental conditions and
substrate of deposition is greater than that of blood donor.
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2.2.2 Results and discussion

2.2.2.1 Experimental protocol

The backgrounds used for deposition were two fabric substrates, namely cotton and
polyblend, one glass substrate, namely microscope glass slides, and one metal substrate,
namely table knife blades, adding up to a total of four different materials. After deposition,
samples were immediately stored in a climate chamber, a device desighed to maintain
controlled temperature, humidity and illumination at specified levels for a defined period of
time, with the possibility of programming parameters to vary during the day and mimic a
natural day-night alternation.

During this study, two climatic conditions were considered in terms of temperature and
humidity: one with lower temperature and higher humidity (cold and wet— CW) and one with
higher temperature and lower humidity (hot and dry — HD). lllumination had two different
configurations as well:

1. through a glass window, mimicking indirect exposure to sunlight, as may happen
within a building (indoor —1);

2. directillumination, mimicking direct exposure to sunlight, as may happenin open
air (outdoor - 0).

Each setup mimicked the day-night alternation by means of cycles of 12-hours cycles of
light and dark, switching respectively on and off a UV lamp and alternating warmer
temperature and lower humidities when the lamp was on, to coldertemperatures and higher
humidities when it was off. The conditions were combined in all possible pairs, thus
resulting in a total of four analytical sessions.

Table 2.5: Detail of temperature, humidity and illumination conditions in the four analytical

sessions.

Day Night
Condition inati —
name Temperature | Humidity Z::::t;atlon Temperature | Humidity Z::::’;at'on

O, 0, (] 0,

(°C) (RH) window) (°C) (RH%) window)
HD_O 35 60 On/no 20 75 Off /no
HD I 35 60 On/yes 20 75 Off / yes
cCw_o 20 75 On/no 10 90 Off /no
cw._i 20 75 On/yes 10 90 Off / yes
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The specific temperature, humidity and light configuration during day and night for each
session are detailed in Table 2.5.

As shown in Table 2.5, temperature and humidity were not considered as separate
factors, but were allowed to covary, thereby mimicking realistic conditions in the
Mediterranean area. Therefore, the combination of these two conditions was considered as
a single factor, referred to as “T&RH” throughout the text. This approach was adopted to
reproduce real-world conditions as closely as possible, in which temperature and humidity
are inherently correlated and tend to covary.

Consequently, the configuration of the whole experiment followed a full-factorial design
of experiments (DoE) [145] with three qualitative factors: two at two levels (T&RH and
illumination) and one at four levels (substrate). All factors and levels are reported in Table
2.6.

Table 2.6: Summary of correspondences between levels of each factor.

Levels
Factor Factor name

-1 -0.33 +0.33 +1
T&RH A cw / / HD
Illumination B Lamp off / / Lamp on
Substrate C Cotton Polyblend Metal Glass

This design matrix was repeated for each of the two studied subjects. The subject may
be considered as a fourth factor at two levels (A and B), though its effect was not of interest.
Indeed, while it is possible that the subject might have an effect on blood ageing, this factor
is rarely controllable in real-case scenarios, since the blood source might be unknown or
unavailable. Therefore, the subject was treated as a dummy variable in the present study,
meaning that other factors were considered significant only when they were statistically
significant and their effect exceeded that of the subject. Although the use of a higher number
of subjects with more diverse characteristics would be preferrable for model development,
this was not the aim of the current work, which instead focuses on proposing an analytical
strategy and not a ready-to-use model.
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2.2.2.2 Data exploration

2.2.2.2.1 Profiles observation

First, the evolution of spectra over time was analysed both for NIR and Raman
spectroscopies, to visually confirm the ability of the selected methods to describe the
ageing process. To this aim, the spectra were averaged, yielding one average spectrum for
each sampling time, which was then plotted and colour-coded according to time (in hours),
as illustrated in Figure 2.12.

Both NIR and Raman spectra already showed a clear time dependence when raw signals
were examined. In particular, NIR spectra exhibited a total intensity effect (Figure 2.12A),
with aged samples (yellow in the figure) showing lower transflectance values compared to
“fresh” ones (blue in the figure). This effect was most likely due to the combined influence
of water evaporation caused by sample drying over time and scattering changes resulting
from the cracking of bloodstains. The application of SNV transform (Figure 2.12B) further
emphasised the effect of time, highlighting the presence of a strongly absorbing region
between 1200 and 1400 nm, attributable to the second overtone of O-H stretching.

Regarding Raman spectroscopy, Figure 2.12C showed a clear total intensity effect
together with a multiplicative effect related to the time trend, with aged samples displaying
higher signal intensities due to increased fluorescence in aged blood samples, as already
reported in the literature [92,93,157,158]. One possible explanation for this phenomenon
was the accumulation of haemoglobin (Hb) degradation products that exhibit stronger
natural fluorescence than oxyhaemoglobin (oxyHb), which was the main form found in
“fresh” blood. According to previous studies [159-161], one of these fluorescent Hb
byproducts was hemichrome, which resulted from natural blood degradation [158] and
showed strong fluorescence [162]. Moreover, further degradation may continue over time,
leading to the formation of additional heavily degraded Hb forms that displayed fluorescent
properties, possibly due to the breakdown of its subunits and the release of iron ions [159—
161].

After baseline correction using automatically weighted least squares (AWLS), age-
dependent spectral alterations became more evident. These spectral changes, particularly
evident within the 300-1700 cm™ region, provided molecular insight into the degradation
pathways of haemoglobin and could serve as valuable markers for estimating the age of
bloodstains in forensic applications [93,158,163]. Notably, the band around 377-380 cm™’,
attributed to vibrational modes characteristic of methaemoglobin (metHb), showed a
progressive increase in intensity over time, reflecting the gradual auto-oxidation of oxyHb to
metHb during blood degradation [158]. In the 900-1000 cm™ region, variations were
observed in the relative intensities of the bands at approximately 976 cm™ and 1003 cm™.

The band near 976 cm™, associated with heme aggregation and degradation products,
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increased in intensity relative to the phenylalanine ring-breathing mode at 1003 cm™, which
remained relatively stable. The intensity ratio between these two bands therefore served as
an additional metric to differentiate bloodstains according to their age, indicating
progressive heme aggregation and structural changes within haemoglobin derivatives.
Notably, bands associated with non-heme components of Hb, such as the amide | band at
approximately 1655 cm™, exhibited minimal variability over time. Their relative stability
suggested that the protein backbone remained largely unaffected during the early stages of
ex vivo degradation, and that the observed spectral changes primarily originated from the
heme prosthetic group and its immediate environment.
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Figure 2.12: Spectral profiles of samples averaged over time. A: Raw NIR spectra; B: SNV
transformed NIR spectra; C: Raw Raman spectra; D: AWLS transformed Raman spectra.
Spectra are colour-coded according to sampling time in hours.
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These findings highlighted the suitability of Raman spectroscopy as a complement to the
temporal information obtained from NIR spectroscopy, with both methodologies offering a
valuable framework for tracking the influence of external factors on the aging process of
bloodstains — an approach that may be further enhanced through multivariate analysis
techniques.
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Figure 2.13: Score and loading plots obtained from PCA on raw data for NIR spectroscopy,
colour-coded for the different factors and levels under analysis. A: Score scatter plot
colour-coded according to substrate (C = cotton, G = glass, M = metal, P = polyblend

fabric); B: Score scatter plot colour-coded according to T&RH; C: Score scatter plot colour-

coded according to illumination; D: Loading line plot.
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The exploration of the data continued with the application of PCA, which was used to
identify groupings within the data and to make an initial evaluation of the main sources of
variability for the two techniques. Figure 2.13 and Figure 2.14 display the resulting score
and loading plots for NIR and Raman spectroscopies respectively.
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Figure 2.14: Score and loading plots obtained from PCA on raw data for Raman
spectroscopy, colour-coded for the different factors and levels under analysis. A: Score
scatter plot colour-coded according to substrate (C = cotton, G = glass, M = metal, P =
polyblend fabric); B: Score scatter plot colour-coded according to T&RH; C: Score scatter
plot colour-coded according to illumination; D: Loading line plot.
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The score plots obtained for NIR spectroscopy revealed that the main source of
variability associated with this analytical technique was the difference between substrates
(Figure 2.13A). In particular, PC1 differentiated between fabrics substrates (cotton and
polyblend) and non-absorbing substrates (glass and metal), while PC2 distinguished cotton
from all the other substrates. Examining the loadings, it was observed that PC1 explained a
totalintensity effect. This suggested that global reflectance depended on the substrate, and
probably reflected the physicalinteraction of radiation with the material, which justified the
distinction between fabrics and non-absorbing substrates. This difference likely originated
form the fact that fabrics are less reflective than glass and metal. Conversely, the loadings
on PC2 mostly displayed bands; therefore, this principal component likely summarised the
chemicalinformation, explaining the differences between substrates. Indeed, cotton, which
had the most distinctive spectral sighature compared to the other materials used, was the
substrate with higher scores on this component.

Regarding the other two factors of interest, some shifts were visible for T&RH and
illumination as well, along both PC1 and PC2 (Figure 2.13B and 2.13C), suggesting that the
effects of these two factors were also related to chemical and physical proprieties.
However, the effect of substrate appeared to be too strong compared to that of T&RH and
illumination, which were therefore masked and could not be clearly distinguished in the PCA
space.

When considering results obtained from Raman spectroscopy, the main source of
variability was more difficult to identify. In particular, in Figure 2.14A, where the samples in
the PCA space are coloured according to substrate, the effect of this factor was in this case
limited to cotton, which formed a group at negative values of PC1 and PC2, while the other
three materials overlapped, covering the remaining PC space. Conversely, some differences
and grouping were also observed when considering the T&RH factor, as displayed in Figure
2.14B, where samples from the HD level (red in the figure) showed higher values of PC1 and
lower values of PC2 compared to samples from the CW level (green in the figure). This
suggested that this factor might have had a high influence on Raman spectroscopy. In
contrast, grouping could not be identified for the illumination factor (Figure 2.14C).
However, this lack of grouping could not be taken as evidence of a non-significant of the
factor overall, since it might have accounted for a smaller portion of the variability not
captured by PCA.

From the analysis of loadings (Figure 2.14D) it resulted that PC1 explained a total
intensity effect combined with a multiplicative one due to fluorescence. This suggested that
sample of the HD level (red in the figure), which were located at more positive values of PC1,
might have been characterised by a faster increase in fluorescence. Since an increase in
fluorescence is connected to the ageing process, as discussed in the previous section, a
higher fluorescence in HD samples may indicate that the blood stored under this condition
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underwent a faster ageing compared to that stored in the CW condition, thus suggesting that
changes in temperature and humidity indeed modified the ageing kinetics. A similar
observation was derived from PC2, whose loadings described a multiplicative effect, again
associated with the ageing of samples, previously as described.
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Figure 2.15: Score and loading plots obtained from PCA on SNV transformed data for NIR
spectroscopy, colour-coded for the different factors and levels under analysis. A: Score
scatter plot colour-coded according to substrate (C = cotton, G = glass, M = metal, P =
polyblend fabric); B: Score scatter plot colour-coded according to T&RH; C: Score scatter
plot colour-coded according to illumination; D: Loading line plot.
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The comments drawn from the PCA built on raw data — motivated by the intention to
interpret the chemical phenomenon without the presence of possible interferences or
artefacts introduced by the algebraic transformations typical of pre-processing [131] —were
also confirmed repeating PCA for both NIR and Raman spectroscopies on pre-processed
data.

In particular, NIR data were pre-processed using the SNV transform and were
subsequently subjected to PCA. The results of this analysis were illustrated in Figure 2.15,
which presents the corresponding score and loading plots. From the score plots, it was
evident that the application of pre-processing had promoted a clearer separation of factor-
related information, which was now primarily captured by PC1 and was mainly associated
with the background (Figure 2.15A). Similarly to the raw data, grouping could not be clearly
identified according to either T&RH (Figure 2.15B) or illumination (Figure 2.15C). When
examining the loading plot (Figure 2.15D), PC1 revealed three bands around 1350-1450 nm,
likely corresponding to the spectral signature of the background materials. A comparison
between this profile to that previously reported in Figure 2.13D showed that the use of SNV
transform effectively mitigated the total intensity effect identified earlier, thereby enhancing
the visibility of the chemically relevant features in the PCA results. Conversely, PC2 did not
display any characteristic pattern and appeared to represent mainly noise concentrated at
the extremes of the wavelength range.

Raman spectra where pre-processed using the automatically weighted least squares
(AWLS) method [164] and then re-analysed through PCA (Figure 2.16). In this case as well,
the application of the pre-processing did not alter the information represented in the score
plots compared with that observed for the raw data. The main outcome was an improved
deconvoluting the information associated with the substrate, which was now primarily
captured by PC2. The inspection of Figure 2.16A confirmed that only cotton, located at
positive values of PC2, could be clearly distinguished from the other substrates, which
remained largely overlapped in the lower portion of the PC space. This suggested that
Raman was capable of discerning the substrate influence when the substrate was
absorbent, while partially (polyblend fabric) or completely (glass and metal) non-absorbing
materials did not significantly affect the spectral signature of the blood.

Conversely, the application of the pre-processing reduced the grouping associated to
the T&RH factor (Figure 2.16B), supporting the hypothesis that its effect was linked to the
baseline shift evident in the raw data ad eliminated by the AWLS correction. No grouping
was observed when the data were colour-coded according to illumination (Figure 2.16C),
confirming what had been previously observed in the raw data.

When examining the loading plot (Figure 2.16D), it became apparent that PC1 contained
chemical information mainly associated with the 1200-1600 cm™ range, whereas PC2
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showed a strong contribution from a sharp peak around 1100 cm™, which was subsequently
confirmed to be characteristic of cotton absorption. This observation further substantiates

thatthe dominant course of variability in this component was indeed the information related
to the absorbing background.
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Figure 2.16: Score and loading plots obtained from PCA on AWLS transformed data for
Raman spectroscopy, colour-coded for the different factors and levels under analysis. A:
Score scatter plot colour-coded according to substrate (C = cotton, G = glass, M = metal, P
= polyblend fabric); B: Score scatter plot colour-coded according to T&RH; C: Score scatter
plot colour-coded according to illumination; D: Loading line plot.
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Subsequently, all score plots were colour-coded according to time trend, and the results
are reported in Figure 2.17. No clear time trend could be identified in the score plots for NIR
data, neither when data were kept raw (Figure 2.17A) nor when they were pre-processed
using the SNV transform (Figure 2.17C). In particular, in raw data only the group of samples
corresponding to cotton showed some information associated to time, which was
represented along PC2, with “fresh” samples at positive values (blue in the figure) and aged
samples nearer to 0 (yellow in the figure). When data were pre-processed, a hint of trend
could still be observed in the cotton group, along PC1, with aged samples at more negative
score values and “fresh” samples at less negative score values. Information about the time
trend could also be partially observed in the glass group, with aged samples condensed at
negative values of PC2 and “fresh” samples spread across positive PC2 scores.
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Conversely, for Raman data, the information related to the time trend appeared to
represent the main source of variability on raw data. Indeed, if the group corresponding to
cotton in the third quadrant of the PC space is ignored, the remaining substrates presented
“fresh” samples at negative values of PC1 and aged samples at positive values of this
component. This was also confirmed by comparing these results to the loading plot
previously discussed (Figure 2.14D), where PC1 described a total intensity effect, which
was also the main variation associated to ageing of samples. On the other end, the time
trend was lost when data were pre-processed using AWLS (Figure 2.17D).

Despite the valuable insights that were provided regarding the effect of factors on the
distribution of variability within the spectral signature, PCA proved to be insufficient for fully
deconvoluting the information associated with individual factors and their levels, whether
applied to raw or pre-processed data. This indicated that more sophisticated variance
deconvolution techniques were required to achieve the intended outcomes.

2.2.2.3 Factors analysis

2.2.2.3.1 Extraction of features

The first step towards deconvoluting the effect of factors involved feature extraction and
concatenation by means of partial least squares regression, with the aim of obtaining a
single signal representing the entire ageing process foreach blood sample (see the Materials
and methods section for further details). To this end, a regression model was trained for
each of the sixteen experimental conditions for both instruments, resulting in a total of 32
regression models. The figures of merit of the resulting models are reported in Table 2.7 and
2.8 in for NIR and Raman spectroscopy, respectively.

The optimal number of significant latent variables was determined for each of the 32
models by minimising the RMSECV/RMSEC ratio. Across all models, the minimum number
of latent variables selected NIR spectroscopy was three, for both pre-processing strategies,
i.e. SNV transform alone or 1% derivative followed by SNV transform. For Raman
spectroscopy, the minimum number of latent variables across all models was 3 for raw data
and 2 for AWLS transformed data. Since an identical number of features had to be extracted
for all samples, the number of latent variables was set to the minimum value identified
across all models, ensuring consistency, and the corresponding RMSECV was calculated
(RMSECV* in Table 2.7 and 2.8).
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Table 2.7: Model results for NIR spectroscopy. LV* and RMSECV* represent the number of
chosen latent variables and the RMSECV of the model when the nhumber of latent variables
was kept constant across all conditions.

1st derivative + SNV transform SNV transform Selected

Condition | LV | RMSECV | LV* | RMSECV* | LV | RMSECV | LV* | RMSECV* pre-

processing
C_HD_I 6 |85 3 20.7 6 |7.8 3 19.1 1st derivati
CHDO |5 |90 3 |15.9 9 |6.0 3 |15.0 S g,'\‘l’\a/ Ve
c.cw.i 6 13.0 3 33.3 5 | 241 3 39.6

transform
CCWO |5 18.2 3 34.2 6 | 30.5 3 37.1
G HD_| 3 | 34.1 3 34.1 4 | 29.6 3 32.2
G_HD O 4 | 35.3 3 44.5 6 13.9 3 21.5 SNV
G CwW_I 4 |69.5 3 65.0 4 | 58.8 3 62.0 transform
G CW.O 4 45.4 3 43.4 5 28.5 3 42.5
M _HD | 3 |57.1 3 57.1 5 | 56.8 3 61.0 1st derivati
MHD O |3 |545 3 | 545 5 |40.6 3 | 543 S +esr,'\‘l’3 Ve
M Ccw_ | 3 |54.3 3 54.3 3 |68.9 3 68.9

transform
MCWO |4 |64.3 3 72.6 5 |76.7 3 75.8
P HD | 6 12.3 3 23.4 7 12.1 3 15.5 1st derivati
PHD O |4 |231 3 | 266 6 | 156 3 [17.7 S +esr||\\1/\j Ve
P CW.I 4 | 46.6 3 53.3 5 |45.3 3 54.5

transform
P CW O 4 |52.7 3 65.2 6 |51.5 3 78.1

The best pre-processing strategy was then selected for each substrate by choosing the
pre-processing that minimised RMSECV at the identified number of LVs. For NIR
spectroscopy, the best pre-processing was found to be the 1°* derivative followed by SNV
transform for cotton, metal and polyblend substrates, whereas SNV transform alone was
optimal for the glass substrate. For Raman spectroscopy, the use of raw data proved to be
the best choice across all conditions.

To verify robustness, the features extraction procedure was repeated three times, each
time increasing the number of selected LVs by one. Results were comparable, thus
demonstrating the stability of the selected approach. For this reason, only results
corresponding to 3 LVs will be presented hereafter.

Although the objective of the regression step was not to develop fully reliable dating
models for the different conditions, but rather to enable the extraction of features for use in
the subsequent processing step, the performance of all models was considered sufficiently
satisfactory to proceed, with an average RMSECV around 15% of the calibration range for
both spectroscopic techniques.
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Table 2.8: Model results for Raman spectroscopy. LV*and RMSECV* represent,
respectively, the number of chosen latent variables and the RMSECV of the model when
the number of latent variables is equal to LV*.

AWLS Raw Selected
Condition | LV | RMSECV | LV* | RMSECV* | LV | RMSECV | LV* | RMSECV* pre-
processing
C_HD_| 3 |66.9 3 66.9 2 |76.8 2 76.8
C_HD O 3 |51.8 3 51.8 2 |66.2 2 66.2 Raw
c.cw.i 3 |36.0 3 36.0 2 |61.0 2 61.0
CCwW.O |3 |38.1 3 38.1 3 |41.9 2 52.4
G_HD_I 3 |333 3 33.3 2 | 45.5 2 45.5
G _HD_O 3 |29.7 3 29.7 3 |33.3 2 42.5 Raw
G Cw.I 4 |29.3 3 37.7 3 |44.0 2 56.0
GCWO |3 |344 3 34.4 3 | 30.0 2 35.4
M_HD_I 3 [24.0 3 24.0 2 |40.7 2 40.7
M HD O |3 |30.2 3 30.2 2 | 41.5 2 41.5 Raw
M_CwW_I 3 |30.8 3 30.8 3 |37.2 2 45.0
M_CW.O |3 |34.8 3 34.8 3 | 34.6 2 39.7
P_HD_I 3 | 313 3 31.3 3 |38.7 2 39.9
P_HD_O 3 | 28.1 3 28.1 3 |28.0 2 37.8 Raw
P CW_I 3 |30.2 3 30.2 3 | 36.8 2 46.6
P CW.O |3 |46.0 3 46.0 3 |43.0 2 58.4

As an additional outcome, the evaluation of the model performances provided valuable
insights into the differences between the two analytical techniques. In particular, NIR
spectroscopy performed exceptionally well on absorbing substrates, namely cotton
(average RMSECV < 10% of calibration range), followed by polyblend (average RMSECV ~
15% of calibration range), which exhibited intermediate absorbing properties. Conversely,
metal yielded the poorest performance (average RMSECV ~24% of calibration range), likely
due to its high reflectance and scattering characteristics, which interfered with the NIR
spectra and hindered the regression capabilities.

On the other hand, Raman spectroscopy showed good performances on non-absorbing
substrates, as indicated by comparable cross-validation errors for glass (average RMSECV
~11% of calibration range), metal (average RMSECV ~13% of calibration range) and
polyblend fabric (average RMSECV ~13% of calibration range), whereas cotton performed
worse (average RMSECV ~18% of calibration range), particularly under hot and dry
conditions.

These findings highlighted that NIR and Raman spectroscopies exhibited contrasting
behaviours with respect to substrate, showcasing a complementary performance with

78



respect to absorbing and non-absorbing substrates. This outcome emphasised the
necessity of selecting the most appropriate spectroscopic method on a case-by-case basis,
after careful consideration of situation-specific factors such as substrate of deposition.

2.2.2.3.2 RMANOVA

The resulting data matrix, containing a single signal representing the blood ageing
kinetics for each combination of factor levels, was subjected to RMANOVA in order to
deconvolute of the effects of factors and their interactions, as reported in Table 2.9.

Table 2.9: Summary of RMANOVA results for NIR and Raman spectroscopies. Cells with a
grey background refer to results for the dummy variable. **=p <0.01; *=p <0.07 and
Effectfactor > Effectdummy.

Factor NIR Raman
Effect (%) P value Effect (%) P value
Dummy 24 0.026* 3.4 0.046*
Dummy x substrate 4.5 0.51 4.5 0.87
Dummy x T&RH 0.6 0.96 3.7 0.03*
Dummy x illumination 0.5 0.99 3.4 0.046*
Substrate 33.2 0.00001** 46.5 0.00001**
T&RH 5.2 0.0002** 12.5 0.00001**
lllumination 7.0 0.00001** 2.3 0.29
Substrate x T&RH 22.6 0.00001** 13.9 0.0009**
Substrate x illumination 18.4 0.00001** 7.9 0.088
T&RH x illumination 5.6 0.0002** 21 0.4

From a statistical perspective, it was apparent that virtually all experimental conditions
tested (substrate, T&RH, illumination) exerted a significant effect on the kinetics of
bloodstain ageing. In particular, substrate emerged as the most significant factor for both
NIR and Raman spectroscopies. This factor accounted for the largest part of the variance
and corroborated the trends observed in PCA.

Similarly, the effect of T&RH was found to be significant with both techniques, although
it was slightly more pronounced for Raman spectroscopy. The influence of T&RH on Raman
spectroscopy was consistent with the PCA results. Conversely, for NIR spectroscopy, the
effect of T&RH was not readily apparent in PCA; however, the results of RMANOVA
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demonstrated a significant effect of this factor, indicating that the feature extraction step
was instrumental in retrieving the information related to the ageing kinetics from the
spectra. The results obtained confirmed that temperature and humidity conditions had a
substantial impact on the rate of blood ageing kinetics, as suggested by previous studies
[89].

In contrast to T&RH and substrate, which displayed similar behaviours across the two
spectroscopic techniques, direct exposure of bloodstains to light exerted a significant effect
only on NIR spectra. Specifically, its influence ranked second in importance for this
analytical technique, after substrate, whereas Raman spectra appeared unaffected by the
illumination conditions. This discrepancy between the two spectroscopic techniques may
be explained by assuming that, when temperature and humidity were maintained constant,
the primary effect of directillumination was to accelerate water evaporation. Consequently,
the high sensitivity of NIR spectroscopy to water content rendered it more susceptible to an
accelerated sample drying. In contrast, Raman spectra do not exhibit any characteristic
water absorption band and were therefore uninfluenced by the illumination factor.

Regarding the interaction between factors, all pairwise interactions were significant for
NIR spectroscopy, while only interactions not involving illumination were significant for
Raman spectroscopy, coherently with the lack of significance of illumination for this
technique. This observation suggests that blood ageing is a complex phenomenon, whose
kinetics is influenced by several factors interacting among each other. This highlights the
necessity of considering environmental, illumination and substrate conditions together
within a comprehensive experimental framework, ideally adopting a DoE approach, in order
to properly account for complex factor interactions during model development.

As an additional outcome, the dummy variable representing subject variability was
found to have p-values in the range 0.03 < p < 0.05, and it was never significant in
combination with the other factors when evaluated by NIR spectroscopy, whereas its
combination with substrate and T&RH showed low significance (0.03 < p < 0.05) for Raman
spectroscopy. Most importantly, the effects of all primary factors of interest exhibited a
magnitude that widely exceeded that of the dummy variable. This comparison underscored
the critical importance of environmental conditions and deposition substrate, whose
effects should be rigorously controlled in any statistical model developed to evaluate
bloodstain ageing, and may even surpass the influence of interindividual variability.
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2.2.3 Materials and methods

2.2.3.1 Sampling and instrumentation

Blood samples were obtained by fingertip puncture, and the biological fluid was
collected using a quantitative pipette set to 20 pl and immediately deposited for analysis
without the addition of any anticoagulant agent. Four substrates were employed: two fabrics
(cotton and polyblend), one glass substrate (Pearl Microscope Slides, 1.0~1.2 mm
thickness) and one metal substrate (table knife). Fabric substrates were thoroughly washed
at least twice prior to use to ensure comparability with commonly worn clothes. Blood was
drawn in triplicate from each donor for each substrate, resulting in a total of 2 donors x 4
substrates x 3 replicates = 24 samples. The studied subjects were both healthy females,
aged 31 (A) and 26 (B).

Following deposition, samples were immediately stored in a KMF 115 constant climate
chamber (Binder GmbH, Tuttlingen, Germany) to age under controlled environmental
conditions. Within the storage chamber, a SUNLIGHT 430 W metal-halide lamp (SIGMA
Tech, Warsaw, Poland) was positioned for sample irradiation. The lamp had a nominal
power of 450 W, with a final intensity of 55 W/m? for UVA radiation, 10 W/m?for UVB, 120’000
Lux for visible light, and 850 W/m? for solar spectrum radiation.

The combination of factors studied, i.e. T&RH at two levels, illumination at two levels,
substrate at four levels, and subject at two levels, totalled 32 experimental conditions. Since
each condition was analysed in triplicate, the final number of independent samples
amounted to 96. Samples were collected across four analytical session, and their ageing
was monitored for 12 days. They were analysed 14 times during this period, with higher
frequency in the first five days post-deposition and lower frequency during the subsequent
7 days. Specifically, samples were analysed after 5, 24, 29, 48, 53, 72, 77, 96, 101, 169, 193,
217, 241 and 265 hours post-deposition.

NIR analyses were conducted using an OnSite-W MicroNIR® (VIAVI Solutions Inc.,
Chandler, AZ, US) spectrophotometer, operated with the VIAVI MicroNIR™ Pro v3.2 software.
The spectral acquisition range was 908-1676 nm, with a spectral resolution of 6.15 nm over
125 spectral points. The scan count was set to 200 and the integration time to 10 ms.
Samples were analysed in triplicate each day, slightly repositioning the sample between
replicates. The three instrumental replicates for each analysis were then averaged.

All measurement were performed in transflection mode. Transflection was achieved by
adjusting the instrument configuration to the substrate, in order to preserve sample integrity
and ensure repeatability while maximising signal intensity (Figure 2.18). For cotton and
polyblend, measurements were performed by placing a white reference material
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(Spectralon®) beneath the fabric and positioning the MicroNIR directly on the bloodstain
(Figure 2.18A). For glass, the microscope slide containing the sample was placed directly
on the MicroNIR, with the bloodstain covered by the Spectralon® (Figure 2.18B). In both
cases, the presence of the white reference ensured that the radiation passing through the
sample would be transmitted back to the detector. For metal, the MicroNIR was positioned
on top of the sample (Figure 2.18C), without using Spectralon®, since the knife’s metallic
surface was sufficiently large to prevent light dispersion.
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Figure 2.18: Visual representation of measurement configuration for different substrates
(A: cotton and polyblend fabric; B: glass slide; C: metal knife). The figure shows the use of a
round metal spacer to prevent the instrument from touching the specimen when it was not

absorbed by the substrate and therefore subject to fracturing and damaging.

Blank substrates, i.e. those without bloodstains on them, were maintained in the
climatic chamber alongside the samples, and they were measured prior to sample analysis
and every 10 minutes during the measurements, in order to account for temperature and
humidity variations while samples were kept under laboratory conditions for instrumental
analysis. Blanks were analysed in the same configuration as samples and used as a
“reference scan”. Dark scans were recorder with the lamp off mode. Consequently,
transflectance was calculated from the sample spectra as in Equation 2.5

As—Ap

A =
T Ap—1p

(2.5)
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where A7 is the transflectance value at wavelength A, A is the intensity of the sample
spectrum at wavelength 4, A, is the intensity of the dark scan at wavelength 4, and A5 is the
intensity of the blank sample at wavelength A.

In parallel, samples were analysed using an inVia Raman Microscope (Renishaw, New
Mills, UK). The spectra were recorded in the wavenumber range 150-1900 cm™', comprising
a total of 1846 wavenumbers. Excitation was provided via a 785-nm laser line, and 0.5% of
the initial laser power (68 mW) was used to irradiate the sample. The instrument was
configured for 3 acquisitions of 10 seconds each, resulting in a total analysis time of
approximately 7 minutes. No instrumental replicates were acquired due to the relatively
long measurement duration; hence, 96 samples x 14 sampling times yielded 1344 Raman
spectra. The microscope was operated with a 50% objective (NA = 0.75) and its confocal
lenses were manually focused each time to ensure that the detector was completely
covered by the bloodstain.

2.2.3.2 Chemometric treatment

2.2.3.2.1Data exploration

All data pre-processing, processing, and chemometric analyses were performed using
in-house scripts developed in the MATLAB® environment, version R2024b (The MathWorks,
Natick, MA, USA), together with the PLS_Toolbox 9.5 software (Eigenvector Research Inc.,
Manson, WA, USA).

Initially, spectral signatures were analysed by averaging samples across time to reduce
variability, and the spectra were visually inspected to identify significant bands and regions
associated with the time trend and macroscopic differences among sessions and materials.
Various pre-processing techniques and combination of them were tested to enhance
differences among spectra and to minimise unwanted signal variations. The tested pre-
processing strategies were the SNV transform [120], Savitzky-Golay first and second
derivatives (3™ order polynomial, 7 points window) [132], normalisation to unit length and to
unit area for NIR spectroscopy, and the aforementioned methods plus baseline correction
using asymmetric least squares (ALS) smoothing or automatically weighted least squares
(AWLS) [164] for Raman spectroscopy.

Subsequently, PCA[58,66] was applied on the entire dataset. Score plots were examined
to investigate grouping and clustering within the data and to identify factors responsible for
the main directions of variability, whereas loading plots were analysed to determine
variables associated with each factor.
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2.2.3.2.2 Features extraction

To study the effect of factors on bloodstain ageing, each sample, i.e., a bloodstainin one
level of substrate, T&RH, light and subject, needed to be represented by a single signal
summarising its evolution over time, from sampling point 1 to 14. The signals obtained for
all levels of all factors could then be compared using chemometric strategies, thereby
isolating the effect of each factor on blood degradation. This objective was achieved through
feature extraction.

Feature extraction is a data compression technique that involved applying a
chemometric model to summarise information from a large number of variables into fewer
new variables, derived from the combinations of the original ones and retaining most of their
variability [165]. The model employed to extract information could be unsupervised or
supervised. Unsupervised feature extraction methods, most commonly PCA, aim at
describing the underlying data structure without focusing on specific factors. Supervised
features extraction methods can involve classification or regression techniques. They
incorporate class labels or a response variable into the feature extraction process, either
enhancing the ability to discriminate classes or focusing the new variables on quantitative
information [165]. The most frequently used chemometric techniques in this contextinclude
supervised PCA [166], LDA (linear discriminant analysis) [167] or PLS-DA (partial least
squares discriminant analysis) [168] for classification, and PLS [169] for regression.

In this study, PLS regression [65,135] was employed as the feature extraction technique,
with the aim of focusing on spectral variations associated with the passage of time. To this
end, a PLS regression model was constructed for each condition, resulting in a total of 16
models. Calculating individual PLS models for each condition allowed extraction of time
trend information without smoothing out the effect of other factors. Each model was cross
validated using a venetian blinds scheme with five blocks. The selection of pre-processing
and the number of significant latent variables (LVs) was determined for each model by
observing the trend of root mean square error in cross validation (RMSECV) and comparing
it with that of root mean square error in calibration (RMSEC). Since different models could
require different numbers of significant latent variables, the final number of latent variables
(n) was set to the minimum among the 16 models, opting for a parsimonious approach to
avoid potential overfitting. Finally, the scores on the first n LVs for each of the 14 sampling
times for each subject were linearly concatenated, thereby producing a new signal
comprising n x 14 variables. For clarity, the feature extraction process is schematically
illustrated in Figure 2.19. The final data matrix for each instrument comprised 32 rows (16
conditions x 2 subjects) and was subsequently employed for all further data analysis.
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Figure 2.19: Schematic representation of the features extraction process, exemplified on

Substrate = cotton. The same scheme was repeated for all four materials and for both

instruments.

To ensure the robustness of the approach, i.e., to verify that all the significant
information was indeed captured in the first n LVs, the procedure was repeated three times,
incrementing n by one in each iteration.

2.2.3.2.3 Application of RMANOVA

The data matrix was subsequently subjected to RMANOVA.
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In this study, RMANOVA was applied to the data matrix to evaluate the statistical
significance of the factors and their binary interactions. Statistical significance was
calculated and tested using the Wilk’s lambda distribution [170,171], whose theoretical
shape was obtained through a permutation test with 10,000 permutations. P-values
between 0.01 and 0.05 were regarded as slightly significant. Final p-values were adjusted
using Bonferroni multiple testing correction [172].

Moreover, a factor was deemed statistically significant only if its p-value was lower than
that of the subject, both taken individually and in combination with other factors. With this
approach, the subject was treated as a “dummy factor”, meaning that every other factor
needed to be more significant than it to be considered in the analysis. This ensured that the
controllable conditions, i.e. T&RH, illumination, and substrate, had an effect even when the
original blood donor was different than that used to produce the dating model. Therefore,
factors were finally considered significant if p < 0.01 and p < pammy. In addition, the
percentage effect of factors was calculated based on the proportion of variance explained
by the factor itself.
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2.2.4Conclusions

The present study demonstrated that substrate of deposition and environmental
conditions, in the form of temperature, humidity and illumination, influenced bloodstain
ageing kinetics. These results were obtained by applying a systematic DoE approach and
multivariate variance deconvolution strategies, thereby facilitating a comprehensive
understanding of factors significance.

More specifically, the central role of the substrate of deposition highlighted the
imperative of producing forensic blood dating models that employ the same background as
that on which the collected evidence is found. This would be necessary to achieve
satisfactory and reliable dating performances, and the finding serves as a cautionary note
for forensic partitioners, who should be advised to always sample bloodstains together with
their background, without removing them.

Moreover, the significance of temperature, humidity and illumination was shown to be
noteworthy, confirming previous, more qualitative observations from other studies
[113,141,142]. The potential bias arising from environmental conditions underscores once
again the need for forensic researchers to move towards the development of tailored
models, elaborated under conditions that accurately replicate the environment in which
real bloodstain samples had been exposed from the time of their deposition to the
commencement of spectroscopic measurements.

Even though only two blood donors were considered in the present study, the results
suggested that, if the factors were properly accounted for, the production of reliable dating
models would still be feasible. Tailored models could therefore be developed using donors
different from the subject under investigation. Of course, this evidence requires
substantiation through a more systematic study of subject variability, but it may be regarded
as an encouraging indication.

This study also highlighted another noteworthy aspect, namely the instrument specificity
of certain factors. This indicates that the choice of spectroscopic technique should also be
guided by the conditions under which the samples were collected. For instance, NIR
appeared to be more suitable for the analysis of blood deposited on absorbing substrates,
whereas performance differences on non-absorbing substrates require further data to
substantiate this observation. Conversely, NIR seemed more susceptible to illumination
effects, implying that the use of this technique should be combined with precise control of
lighting during experimentation.

For the first time, it was possible to quantify the effect of environmental conditions on blood
degradation and to statistically compare their significance, while also accounting for
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subject variability. In light of these results, the development customised models tailored to
the characteristics of individual crime scenes becomes increasingly valuable and opens
new frontiers in forensics science.
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2.3 GOOD LABORATORY PRACTICE IN BLOODSTAINS DATING

The two stages of the research presented in this chapter clearly illustrate the intrinsic
challenges associated with bloodstain dating in forensic practice, namely the huge variety
of factors that intervene both in the blood ageing process and in the measurement setup,
and that influence the accuracy, precision and predictive capability of laboratory-scale
models. To account for instrumental differences and complementary features, the
simultaneous use of more than one spectroscopic technique should always be
recommended, as demonstrated by the improved performance of the models developed
through data fusion, as demonstrated in Section 2.1. Moreover, instrument specificities may
be encountered, as suggested in Section 2.2, rendering one instrument preferable over the
other in specific situations, which should be considered when simultaneous application of
several spectroscopic methods is not feasible in real-case scenarios.

Given the high number of factors identified throughout this chapter, and their substantial
impact on bloodstain ageing, and consequently on dating performances, this subsection
aims to propose a recommended procedure for bloodstain dating that can be applied by
forensic practitioners in real-case scenarios, encompassing the process for sample
collection at the crime scene to the selection of the analytical methods and the generation
of results. This section is hoped to serve as a foundation for the development of
internationally recognised forensic guidelines, promoting the adoption of validated
bloodstain dating approaches in actual forensic casework. Ultimately, integrating this
analytical strategy among the standard tools available to courts would represent a
meaningful advancement for forensic science. It is my strong belief that such progress
would significantly enhance both the accuracy and the scientific rigor of forensic
investigations.

2.3.1Evidence discovery

The very first step upon arrival at the crime scene should be the documentation of the
environmental conditions of the location, ensuring that the ambient conditions in which the
samples were preserved from deposition to discovery are accurately recorded. This
proposal represents an innovation compared to current standard procedures, which
typically begin with the documentation of bloodstains through photography and visual
description. The present proposal aims to minimise the risk of environmental alteration prior
to measurement. Indeed, the movement of practitioners within the area, resulting in the
formation of air currents and disturbance of the internal environment, may cause significant
modifications by opening a previously isolated system.
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It is important to note that temperature and humidity can be measured with simple
probes, without requiring movement through the room. For this reason, performing the
measurements before sample documentation does not compromise the latter, while
ensuring greater precision in monitoring environmental conditions.

According to this proposal, in indoor crime scenes, temperature and humidity should be
measured immediately. As an additional precaution, if the crime scene allows it, j.e. no toxic
molecules nor fire or explosion risks are evidenced, air currents should be kept to a
minimum, to maintain conditions as close as possible to those existing prior to discovery.
Under these circumstances, continuous monitoring of temperature and humidity should be
conducted for at least 24 hours, and preferably for 24-72 hours. Recording these
fluctuations over a daily cycle would later facilitate supervised aging procedure in the
laboratory [98]. It is reasonable to assume that a closed indoor environment exhibits
relatively consistent daily patterns in temperature and humidity, and that a precise record
of these variations enables a close laboratory simulation of the sample’s pre-discovery
storage conditions. A proof of concept for this procedure has been simulated along in
Section 2.2.

Conversely, in outdoor scenarios, this protocol is less critical, as the presence of
forensic practitioners is expected to have minimal impact on open environments. However,
environmental conditions at the time of discovery should still be recorded, and when
possible, meteorological data from the days preceding discovery should be retrieved from
local weather stations or services. Continuous recording of environmental daily cycles
remains beneficial, as it provides an approximation of the climatic variations affecting the
sample, and is therefore strongly encouraged even in outdoor contexts.

After temperature and humidity have been recorded, the proper documentation of the
evidential bloodstains, including their location, size, and morphological characteristics,
should follow. Subsequently, the monitoring of environmental factors should continue with
the assessment of the illumination to which the samples themselves are and have been
exposed. In particular, the type of light (natural or artificial), its spectral composition, and its
intensity should be measured. Preferably, these parameters should be documented over a
full daily cycle, noting any changes in light exposure throughout the day, and recording both
the hours of illumination and darkness for each sample. This information will be invaluable
for the development of tailored supervised ageing models.
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2.3.2Evidence collection

Regardless of the nature of the substrate on which a sample is found, whether absorbent
or non-absorbent, it is advisable to secure the entire piece of evidence whenever possible,
especially when it constitutes a small or movable object. If the whole object cannot be taken
to the laboratory, it is recommended to isolate or cut the bloodstain along with a portion of
the underlying substrate. If this is not feasible and the bloodstain is not at risk of alteration,
destruction or loss if leftin place, it should remain in its original position at the crime scene.
In such cases, the use of portable spectrophotometers should be considered as a first
choice for the analysis.

Only after on-site analysis using portable spectrometers should the entire trace be
secured by isolating it from the substrate, taking care to avoid disintegration of the evidence.
A clean (i.e., DNA-free) and dry collection tool should be used to gather blood samples,
avoiding contamination. The use of moist cotton swabs or solvents such as water, alcohol,
or any other liquid must be strictly avoided, as these may both induce protein denaturation
and reverse certain ageing processes connected to desiccation, compromising further
analysis.

In all situations, it is essential to collect additional samples of the background material
that do not contain any blood traces. These substrate samples will subsequently serve as
references for the development of tailored laboratory-scale models.

2.3.3Evidence securing and storing

Collected bloodstains should be stored in airtight, light-resistant containers once they
are completely dried. The use of adhesive films (e.g., those designed for securing
microtraces) must be strictly avoided, as the adhesive layer may contaminate the blood
sample. Consistent temperature and humidity must be maintained during storage, and both
should be as low as possible, to slow further degradation processes prior to instrumental
analysis. Exposure of samples to sunlight or artificial light sources must always be
prevented. All data and metadata collected during the analytical process should be
traceable and recorded in compliance with ISO 21043-2 requirements, ensuring the chain
of custody and admissibility of results in judicial contexts.

Under no circumstances should samples be stored for an extended period after
discovery. Instead, bloodstains should be analysed as soon as possible following their
delivery to the laboratory. Given that the age of a bloodstain may prove important during the
investigation, itis necessary to act quickly in cooperation with forensic genetics experts and
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BPA specialists. Close collaboration between law enforcement and forensic laboratory
personnelis therefore essential to ensure timely transfer of evidence and to raise awareness
of the importance of rapid processing for accurate bloodstain dating.

2.3.4 Selection of spectroscopic method

Whenever feasible, all three spectroscopic techniques described in this chapter, i.e.,
UV-Vis, Raman and NIR spectroscopies, should be employed. This approach is expected
not only to improve the accuracy of bloodstain age estimation through data fusion, as
demonstrated in Section 2.1, but also to provide a cross-verification tool for the validating
the consistency of results. However, in practice, it may not always be possible to analyse
each sample using all three techniques, either because a particular instrument is not
available in the laboratory or because the substrate is unsuitable for certain methods. For
thisreason, afew general guidelines for selecting the most appropriate technique in specific
situations are outlined below.

Considering background colour, when itis very dark the use of UV-Vis spectroscopy may
prove less effective due to the high interferences. For this reason, NIR spectroscopy in
reflection mode or Raman spectroscopy should be preferred in such cases. Conversely,
when the substrate is light coloured, all three techniques are suitable, and NIR and UV-Vis
spectroscopies may be applied in transmission or reflection modes.

If the bloodstain is deposited on an absorbent substrate, NIR or UV-Vis spectroscopies
should be preferred; if the substrate is non-absorbent, Raman or UV-Vis spectroscopies are
generally more suitable. Raman spectroscopy is particularly advantageous when the non-
absorbing substrate is also flat, while UV-Vis spectroscopy coupled with an integrating
sphere should is preferable for uneven non-absorbing surfaces.

As arule, samples should not be extracted from the substrate. However, if itis necessary
to perform both genetic analysis and bloodstain dating on the same small sample, the stain
must be divided, one part extracted for genetic testing, and the remaining fragment used for
age determination. If this is not possible, dating should be performed first.

Standard procedures for spectroscopic data acquisition should be followed in
accordance with the instrumentation available in the forensic laboratory, adjusting
parameters such as acquisition time, integration time, and the number of collected spectra
according to the characteristics of the trace. These parameters, in fact, may need to be
increased when the bloodstain is small or appears diluted.
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It is also advisable to record the spectrum of the clean substrate, i.e. without blood, to
identify the spectral signature of the background material and to facilitate spectral
deconvolution when interference is significant.

Each spectrum should be recorded at least in triplicate. When using a microscope-
coupled instrument, the three spectra should be collected from different regions of the
stains to account for sample inhomogeneity. In this case, the use of a rotating stage to
obtain a representative average spectrum may also be considered. When the instrument is
not microscope-coupled and the probe covers most of the sample in a single scan, the
sample should still be moved or rotated between acquisitions to account for spatial
variability.

2.3.5Model development

As demonstrated in Section 2.2, the use of a single universal regression model for dating
blood traces is unlikely to be effective. Therefore, the creation of general-purpose models
under laboratory conditions to be kept “ready-to-use” for any blood trace should be
regarded as an outdated and unsuitable approach. Instead, the dating methodology must
be tailored to each individual case, explicitly considering the specific conditions under
which the bloodstain has undergone degradation. A new model should be prepared for each
real-case scenario.

In particular, the same substrate on which the evidential samples were found should be
obtained, either by collecting spare blank substrate form the crime scene or, if unavailable,
by purchasing it commercially. Once the substrate is available, a cohort of diverse donors
should be selected, ideally varying in age, sex, health status, and geographical origin. If the
source of the discovered bloodstain is known and accessible, a fresh blood sample form
that individual should be also collected. When the original donor is known but unavailable,
individuals with similar biological and demographic characteristics, i.e., age, sex, health
condition, physiognomy, and geographical origin, should be included in the cohort to serve
as substitutes.

Blood samples should be collected from all selected donors without the use of
anticoagulants and deposited on the obtained substrate, ensuring that the volume of blood
is as similar as possible to that of the evidential stain. The approximate amount of blood can
be estimated using bloodstain pattern analysis techniques, considering the shape,
appearance, and substrate of the bloodstain. Using the same substrate is also
advantageous in this respect, since blood from different individuals is expected to interact
similarly with the same material. Once the target volume is determined, blood samples
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should be collected in triplicates from each subject and immediately deposited on the blank
substrate.

Right after deposition, the samples should be stored in a programmable climatic
chamber designed to reproduce the environmental conditions measured at the time of
discovery. The chamber should allow simulation of day-night alternation and gradual
changes in temperature and humidity, following the recorded daily trends. It should also be
equipped with an adjustable light source capable of reproducing both the type and the
intensity of illumination to which the samples were exposed between formation and
discovery.

When it is possible to formulate a hypothesis about the age of the bloodstain, which is
usually the case when dating is required, artificial ageing should be carried out for a period
corresponding to this hypothesis. When two contrasting hypotheses are available, the
artificial dating should be carried out to a period corresponding to the longer hypothesis.
Then, the correctness of the hypothesis should be checked with a likelihood ratio approach
If no preliminary hypothesis is available, the ageing of the samples should be monitored for
a minimum of 14 days. Whatever the timeframe selected, daily spectroscopic
measurements using all selected techniques should be carried out. After this period, a
multivariate regression model, such as PLS regression, should be calibrated from the
collected data and prediction of the unknown sample’s age should be attempted. The
likelihood ratio between the evidential sample and the laboratory samples should also be
calculated. If the likelihood ratio is unacceptable and/or the PLS model suggests that the
evidential sample is older than the considered timeframe, i.e. when the prediction is
extrapolated beyond the calibration range or lies at its upper limit, daily measurement
should continue. A new likelihood ration and PLS model should be produced each day until
both yield acceptable and consistent results.

To facilitate this process, the development of user-friendly algorithms and software
capable of performing model calibration and likelihood ratio calculation would be highly
beneficial. Such tools would make the dating procedure more accessible to non-specialised
personnel, thereby enhancing its applicability in routine forensic laboratories. This is a
direction in which further research work should be advisable.

If more than one spectroscopic technique is used during analysis, separate dating
models and likelihood ratio calculations should be generated for each technique. The
performance of the regression models should then be evaluated, for example through the
RMSECV, to determine whether one technique outperforms the others in terms of precision
and accuracyin the given scenario. When multiple techniques yield comparably precise and
accurate predictions on the calibration set, i.e. on the samples collected and stored in the
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camera, their concordance should be assessed. A mid-level data fusion approach should
then be implemented to confirm model robustness and improve result reliability.

While this approach is surely deemed to be more time consuming than having a global
model available, it does not, anyway, defeat the purpose of timely analysis presented in
Section 2.3.3. In fact, once the specimen is collected and measured, it may proceed to the
subsequent steps of forensic analysis, e.g. DNA identification, which are needed for timely
suspect identification and securing. Conversely, the calculation of TSD of bloodstains is
usually a less urgent one, and therefore the time required to produce a tailored model will
normally be compatible with the timeframe intercurrent between the discovery of the crime
and trial, when information on TSD becomes crucial.

2.3.6 Validation and reporting

The age prediction results obtained from the developed models should always be
accompanied by an explicit measure of uncertainty, expressed either as RMSECV or,
preferably, as a confidence interval. These results must be presented to court or legal
representatives together with a clear and transparent description of the analytical protocol
employed, of which these guidelines can be a valid starting point.

Establishing a standardised approach for calculating and reporting uncertainty is highly
desirable in this context, as it would enhance the credibility and interpretability of results for
non-scientist audiences, such as judges, attorneys, and juries, who rely on expert testimony
to inform judicial decisions. Developing a harmonised procedure for assessing the
uncertainty of dating models, which integrates metrics such as RMSE and confidence
intervals, represents a valuable avenue for further research. This should be pursued both
from a chemometric standpoint and within the broader forensic context, as previously
discussed in Section 2.1.2.5 of this chapter.

It is also advisable to present the obtained results within an evidence evaluation
framework based on two competing hypotheses, each representing a different possible
sequence of events. In this case, the two different assumptions should regard the age of
bloodstains. This approach aligns with the likelihood ratio framework recommended by the
European Network of Forensic Science Institutes (ENFSI) [173], which promotes
probabilistic reasoning and transparency in forensic reporting.

Ultimately, the reliability and global recognition of forensic bloodstain dating depend not
only on methodological rigour but also on continuous professional development and
collaboration across the forensic community. Forensic practitioners and laboratory
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personnel should remain up to date with advancements in spectroscopic techniques and
chemometric methodologies. Moreover, collaboration between scientists developing new
spectroscopic tools for monitoring blood degradation and those applying the methods in
practice should be actively encouraged. Such cooperation will enhance methodological
consistency, improve the reliability of bloodstain dating, and promote its acceptance as a
valid forensic technique.

Finally, the proposed protocol should also be further expanded to incorporate additional
analytical techniques, such as fluorescence spectroscopy [82,174], FT-IR spectroscopy
[114,141] and hyperspectral imaging [95], which may contribute to improving both the
sensitivity and robustness of forensic bloodstain dating models.
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3 ENVIRONMENTAL APPLICATIONS

3.1 NIR HYPERSPECTRAL IMAGING COMBINED WITH CHEMOMETRICS
FOR MAPPING WATER PATTERNS DURING DEHYDRATION OF
NONVASCULAR EPIPHYTIC COMMUNITIES

3.1.1Introduction

In recent years, research has increasingly investigated the biological responses of
species to climate change, with a particular focus on their distribution patterns and how
these may shift in the future, while considering their ecological niches [175,176]. In this
context, statistical analyses are being widely employed to interpret biotic interactions
between co-occurring species, usually at the medium or large spatial scales [177].
Conversely, focusing studies on the microclimate in which a given organism lives could lead
to more accurate and realistic insights [178,179]. Indeed, microclimate has been shown to
exert a strong influence on the physiological activity of organisms, while also affecting the
structure, composition and functioning of ecosystems at smaller scale [180,181].
Therefore, studying organisms within their specific microclimates could reasonably improve
the prediction of the biotic response to climate change. In this framework, spectroscopic
and chemometric approaches represent powerful tools for exploring biological processes
non-invasively, enabling quantitative assessment of physiological and environmental
parameters with high spatial and temporal resolution.

Within this context, the study of nonvascular poikilohydric organisms, such as
bryophytes and lichens, is particularly relevant. These organisms, lacking organs for active
water uptake (e.g. roots), equilibrate their moisture content according to the atmospheric
water availability [182]. Specifically, lichens and bryophytes absorb water, nutrients, and
gases directly from the atmosphere, and absorption occurs over their entire surface [183].
For this reason, their physiology is closely linked to both micro- and macroclimatic
environmental factors, among which air humidity and rainfall are the main water sources
regulating their metabolic processes [184-186]. Additionally, nonvascular epiphytic
communities, consisting of single organisms or, more often, the coexistence of different
types of organisms in the same space, are crucial contributors to the water balance of forest
ecosystems [187]. Hence, understanding their water management under conditions of
climatic stress is increasingly important [188]. Moreover, beyond their intrinsic
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physiological interest, these organisms play essential ecological roles as early colonisers
and bioindicators of environmental change, owing to their direct dependence on
atmospheric conditions [189].

In an ideal climate, continuous humidity due to prolonged or frequent precipitation
(including fog) and slow evaporation enhance the photosynthetic activity of nonvascular
organisms and reduce the occurrence of desiccation [190], which causes a halt in biologic
activity. However, nonvascular epiphytes have, to some extent, adapted to the discontinuity
of water availability through a variety of structural and physiological strategies. Additionally,
adaptations also aim to collect, store, and retaining water, thus improving desiccation
tolerance [191]. In general, the mechanisms through which nonvascular epiphytes and their
photobionts tolerate desiccation remain only partially understood [192].

To address this gap, imaging represents an interesting tool for obtaining a better
understanding of the processes occurring during desiccation in a non-invasive manner,
while providing fine spatial detail consistent with the biological scale of the organisms under
study. Optical imaging techniques collect large amounts of information and generate
detailed spatial maps, which can be exploited to visualise and analyse sample features.
When digital imaging is combined with spectroscopy to obtain hyperspectral imaging (HSI),
both spectral (characterisation) and spatial (localisation) information can be obtained from
the samples. This combination makes HSI an appealing technique for environmental
monitoring [193,194].

HSI has already been used to study nonvascular communities, even though the focus
was mainly on analysing species coverage. Visible-short wave infrared (Vis-SWIR , 400-2400
nm) HSI was applied in two studies, one focusing on heathland vegetation as an indicator of
environmental quality [195] and the other classifying forest elements [196]. Vis-SWIR and
UV-Vis-NIR (200-1100 nm) HSI have also been employed to estimate ground lichen cover in
boreal forest stands [197]. Vis-NIR and Vis-SWIR HSI have in some cases been exploited as
biosensors for biocrust localisation and monitoring [197,198], and to predict lichen species
abundance and community composition, with the final goal of identifying suitable habitats
for lichens [199].

At the same time, point spectroscopy in the NIR region (800-2500 nm) has been used to
investigate hydration and dehydration cycles in lichens. Water, in fact, is a strong absorber
in the NIR region of the electromagnetic spectrum, and particularly the first overtone of the
O-H covalent bond stretching (1300 — 1600 nm) is recognised as an excellent feature for
studying water dynamics [200]. Among others, a recent study used Vis and NIR lichen
signatures to calculate indices and assess the possibility of estimating the water content
with a species-specific approach [201]. In another study, both spectral indices and
photosynthetic activity were correlated with hydration conditions, again revealing
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differences among lichen species [202]. Milos et al. used NIR spectroscopy to study the
hydration-dehydration cycles of lichens with the aim of investigating desiccation-induced
reductions in photosynthesis and identifying thallus optical properties. In particular, they
focused on thallus colour change between wet and dry states, and on the spectral
reflectance indices showing the greatest differences between these conditions, again
emphasising species-specific behaviour [203].

To date, no study has ever combined NIR-HSI with the evaluation of hydration and
dehydration in nonvascular epiphytic communities, although the approach has proven
valuable for nonvascular terricolous communities. In particular, Granlund et al [204] used
HSI across a wide wavelength range to extract two indices from their specimens and
correlate them with the water content in different lichen species, assessing species
specificity. They also constructed heat maps, correlated with water content. However, like
most of the studies mentioned above, their work focused on single-species responses,
identifying differences and similarities without accounting for the interactions that occur
naturally in mixed communities.

Finally, no previous study combining NIR spectroscopy (either imaging or point analysis)
for the study of nonvascular communities and their relationship with water has exploited the
entire spectrum, for instance by constructing multivariate models and water maps. The
possibility of taking into account the entire spectral signature of a sample would however
allow correlations among variables to be accounted for. Therefore, the use of chemometrics
is considered invaluable in this context. However, published studies have mostly focused
on the extraction of indices, with few or no applications of chemometric techniques.

Indeed, several studies have already demonstrated that combining HSI and
chemometrics can provide valuable information on sample dehydration, as this approach
has been successfully applied in other fields of research. For instance, in the environmental
field, Stefansson et al. [205] developed a method for the spatial and temporal estimation of
moisture content in thermally modified Scots pine over a 20-hour period. In food research,
the dehydration of various meats has been investigated in two different studies using time-
series HSI, yielding moisture content maps as final outputs [206,207], and the same goal
has been achieved for cheese during ripening [208], tea buds during dehydration [209], and
ginger slices during hot-air drying [210]. All these studies collectively demonstrate the
potential of NIR imaging combined with chemometrics for dehydration monitoring, making
it a technique worthy of investigation for nonvascular epiphytic communities as well. The
present work therefore introduces, for the first time, an integrated approach that combines
NIR-HSI, chemometric modelling, and quantitative dehydration monitoring to obtain
simultaneous spatial and compositional insights into nhonvascular epiphytic communities.
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In light of these ¢ onsiderations, the aim of the present study is to develop an analytical
strategy based on NIR-HSI to map water distribution during the dehydration of complex
nonvascular epiphytic communities. For the first time, with the aid of chemometrics, water
content maps are developed at a microscale in this microenvironment. Through the visual
monitoring of the communities under stress conditions, such as water management, the
response of individual life forms is evaluated, with the aim of understanding the facilitation
or competition schemes undergoing that depend on community composition.

To achieve this goal, hyperspectral images and the weights of samples colonised by
different compositions of nonvascular epiphytic communities (distinguished as bryophytes,
foliose lichens, and crustose lichens), were monitored over time (18 sampling points). The
resulting images were first used to construct principal component (PC) maps to explore the
similarities and differences between organisms. Then, a partial least squares (PLS)
regression model was trained and used to estimate water content at the pixel level. The
chemometric strategy was applied both at the pixel and image levels to investigate the
consistency between the two, and the complementarity of the information that can be
extracted depending on the level of data processing.
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3.1.2Results and discussion

3.1.2.1 Experimental protocol

For this study, nonvascular epiphytic communities were taken into account. The
organisms considered were bryophytes (referred to in the text as BRYO), foliose lichens, and
crustose lichens (LIFO and LICR, respectively). In this context, bryophytes were not
distinguished between mosses and liverworts but were considered as co-occurring
components present to varying extents [211]. Foliose lichens exhibited thalli of individual
leaf-like lobes exhibiting radial growth and periodically branched and divided, as is typical
of this type of lichen [212]. Crustose lichens, lacking a lower cortex layer, were intimately
associated with the substratum and not readily detachable from the surface [213].

Since these organisms, i.e., bryophytes, crustose lichens, and foliose lichens, usually
spatially coexist in different proportions on the same tree, ternary-mixtures experimental
design [214] was used as an inspiration for the sampling scheme. Specimens composed
only of bryophytes, crustose lichens, or foliose lichens were referred to in the text as pure
communities to underline that they contain a single life form type. Specimens containing
two or three different life forms were sampled as well; for clarity, these are referred to as
binary or ternary composites in the text. All samples were chosen to be naturally supported
by chestnut bark since bark water is relevant for the growth of the studied organisms [215].
For this reason, samples of whole bark (WOBA hereafter) were collected for analysis as well.

As can be observed in Figure 3.1, three different binary composites were considered:

e BRCR: samples containing both bryophytes and crustose lichens;
e BRFO: samples containing both bryophytes and foliose lichens;
e CRFO: samples containing both crustose and foliose lichens.

Moreover, the ternary composite BRCF, containing bryophytes, crustose and foliose
lichens all together on the same sample, was considered as well.
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Figure 3.1: Graphical representation of sampling scheme with labels indicating the coded
names for the specific samples. A colour coding has been used to visually differentiate
between pure communities, binary composites and the ternary composite.

Thus, a total of eight different types of samples were considered in the study. Moreover,
to account for biological variability, four independent physical replicates, i.e., coming from
different threes but with the same macroscopic composition in terms of communities
present, were collected for each class, making a total of 32 samples available for

subsequent analysis. Samples were chosen to be as similar as possible in terms of bark
coverage and size, with an average of 15x5 cm.
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After collection, samples were sprinkled with water until complete hydration was
achieved and were then left to dry at room temperature and humidity. The weight of the
samples was monitored over 18 sampling points until complete dehydration was achieved,
and SWIR-HSI images were taken at each sampling point immediately after weighing.
Details of the measurement pipeline can be found in the Materials and methods section.
The weight at each sampling point was used to calculate the percentage water content
(WC%) of the sample at that moment.

3.1.2.2 Dehydration curves and spectral visualisation
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Figure 3.2: Average water content and its associated standard deviation (shaded area),
calculated on the four physical replicates, for each of the eight sample types along time. A:
Pure communities. B: Composites.

As a first step in data analysis, the evolution of WC% over time was evaluated to identify
general community-related trends. In particular, Figure 3.2 illustrates the dehydration
trends for pure communities and composites, reporting the average water content with its
associated standard deviation for each sample type. As demonstrated in Figure 3.2A, the
pairs LIFO-BRYO and LICR-WOBA showed very similar water contents and dehydration
patterns. This observation suggested that the rate of thallus desiccation is strongly
influenced by the morphology and anatomy of the nonvascular epiphytic organisms that
colonise the bark. Indeed, BRYO and LIFO share a broadly similar morphology, with leaf-like
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formations and a vertical extension of at least a couple of mm. These two types of
communities, however, markedly differ from LICR, which lies flat on the bark and has amore
homogeneous appearance.

Crustose lichens (LICR) appeared to dry faster than any other sample type during the first
15 sampling points (~12 hours), with a steep decrease at the beginning of the process,
followed by rapid stabilisation. This result could be related to the strategy adopted by many
crustose lichens to limit the formation of water films on the upper cortex through
hydrophobic proteins that restrict the penetration of free water [216]. These morphological
differences account for the dehydration patterns observed in Figure 3.2.

Another interesting observation was that the standard deviation differed among classes,
with foliose lichens having the largest standard deviation, followed by crustose lichens,
bryophytes, and bark, which presented the smallest standard deviation. This reflects the
fact that the internal anatomy of lichen medulla, which may be variably thick and porous,
can also be highly variable within both foliose and crustose lichen groups [217], thus
explaining the increased standard deviation observed for them.

Figure 3.2B, which represents the average moisture content for composites together
with the respective standard deviation, showed that the water content range was
comparable between these samples and the pure communities. Moreover, samples
containing a high percentage of foliose lichens displayed the highest standard deviation,
thus confirming the previous observation that the presence of these nonvascular organisms
introduces greater variability into the system.

The next step was to evaluate the spectral signature of pure communities, in order to
visually confirm whether the trends observed in the WC% were mirrored in the spectral
information. Therefore, Figure 3.3 presents the spectral profiles of pure communities
across the dehydration timeline, illustrating the relationship between water loss and
spectral changes in the NIR region. The spectra displayed all the key water-related bands, in
particular the combination band of O-H stretching and bending (1800-2000 nm) and the 1
overtone of the O-H stretching (1300-1600 nm) [200], both of which exhibited decreasing
intensity over time, as dehydration progressed. This progressive reduction in pseudo-
absorbance mirrored a reflectance increase associated with the drying process. This
behaviour is in accordance with previous literature reports [197,202,203]. Moreover, when
comparing the response of different communities, BRYO (Figure 3.3A) and LIFO (Figure
3.3C) were characterised by a continuous and regular dehydration pattern, presenting a
slow and constant decrease of pseudo-absorbance along the entire temporal trajectory.
Conversely, LICR (Figure 3.3B) and WOBA (Figure 3.3D) presented a steep decrease from
sampling time 1 to 3, followed by rapid stabilisation of the spectrum. This behaviour
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mirrored the pattern observed in the water content trend (Figure 3.2), and confirmed the
suitability of SWIR spectroscopy for dehydration process monitoring.
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Figure 3.3: Mean spectra for each pure community (respectively: A= BRYO; B=LICR; C
=LIFO; D =WOBA), obtained with the image-based approach followed by averaging the
four spectra representing each physical replicate at a specific time. Spectra are colour-

coded according to the sampling order from the first (time 1 in dark blue) to the last (time
18 in dark red), see colour bar.

Interestingly, time 18, which was recorded one month apart from time 17, does not
significantly differ from the previous sampling point from a spectral perspective in any of the
observed classes. This feature confirmed that at time 17 a complete drying had nearly been
achieved. Having established how dehydration affects spectral profiles, the next step was
to investigate whether these changes could be captured and visualised in a multivariate
space through PCA.
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3.1.2.3 Principal Component Analysis

3.1.2.3.1 Image-based approach

Chemometric exploratory analysis of data was the conducted to understand whether
macroscopic differences in the form of grouping could be observed, to differentiate between
community types, and to verify the presence of a time trend. To achieve this, spectral data
underwent row pre-processing by means of first derivative followed by data normalisation
to unit area, aimed at removing unwanted spectral variability. The pre-processed data then
underwent chemometric exploratory analysis by means of PCA.
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Figure 3.4: Results of PCA with the image-based approach. A: score scatter plot
coloured according to WC%; B: score scatter plot coloured according to sample type; C-E:
Loading profiles on PC1-3, respectively.
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PCA was first applied with an image-based approach (as detailed in the Materials and
methods section). The resulting score and loading plots are reported in Figure 3.4. In
particular, in Figure 3.4A each point represents a physical replicate at a specific sampling
point, and the colour represents the corresponding WC%. PC1, explaining 70% of the total
variability, captured the dominant variation associated with the drying process. In
particular, low PC1 scores corresponded to samples analysed at the beginning of the
dehydration process, and therefore with higher water content (coloured in blue), while
samples in the later stages of the process, and thus drier, were located at higher PC1 values
(coloured in red). This gradient confirmed that the dehydration trajectory was clearly
observable along PC1.

In addition, PC2, explaining 18% of the total variance, described the differences in
sample composition, as illustrated in Figure 3.4B, where the points are coloured according
to sample type. In the score plot, specimens of the same type clustered in proximal areas of
the PC space, with the bark (WOBA, light blue inverted triangles) being the mostisolated and
positioned inthe upper-central region of the score space. Notably, different replicates of the
same type tended to fall closer to each other than to samples from other types, confirming
that, for the samples under study, intraspecific variability was minimised allowing the
analysis to focus on interspecific variability. Interestingly, LIFO (dark blue triangles) and
LICR (green squares) lied quite far from each other, with BRYO (red diamonds) occupying an
intermediate position. This observation is in line with what had already emerged from the
WC% evaluation, i.e. that water management is largely determined by the morphological
traits of nonvascular epiphytic communities.

PCA loadings are represented in Figure 3.4C, 3.4D and 3.4E for PC1, PC2 and PC3,
respectively. Although itis important to keep in mind that band attribution should preferably
be done on raw data rather than on pre-processed spectra, since pre-processing may lead
to misinterpretation [131], it is still possible to draw general conclusions from the loadings.
In this case, PC1 showed high negative loadings for spectral regions associated with water,
in particular corresponding to the first overtone of the O-H stretching (1300-1400 nm) and
to the combination band of the O-H stretching and bending (1850-1950 nm). This indicates
that samples located at negative scores on this component had higher water content
compared to samples at positive scores. This outcome confirmed that the trend observed
in the score plot was driven by water loss.

Complementarily, PC2 and PC3 displayed higher loadings in regions not attributed to
water, namely around 1700 nm and after 2000 nm. These spectral regions are typically
assigned to cellulose and lignin instead [218]. When the loading profiles were compared
with raw spectra (Figure 3.3), it became evident that the regions around 1700 nm and after
2000 nm were those showing the highest variability between pure communities. Therefore,
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this confirmed that PC2 and PC3 captured the variability due to chemical differences among
communities, as already suggested by qualitative analysis of the score plots.

3.1.2.3.2 Pixel-based approach

Afterwards, a pixel-based approach was adopted to describe the samples in a spatially
resolved way. For this purpose, 500 random pixels were selected from each image of the
pure communities (4 replicates x 18 sampling times), and the obtained matrix was pre-
processed as previously described and used to train a PCA model. Score and loading plots
of the pixel-based model were compared to those presented in Figure 3.4 from the image
level model, and the results were confirmed to be consistent (data not shown).

Then, the model was stored by retaining the first three principal components, to be used
for prediction. The three selected components explained 43%, 22% and 7% of the total
variance, respectively, accounting for 72% overall. This step was aimed at exploiting the
information extracted from the reduced, randomly selected dataset to describe the entire
images, with the final goal of providing multivariate maps of the samples. Consequently, in
the subsequent step, all pixels of the pure community images (BRYO, LICR, LIFO and WOBA)
were projected into the PCA space. Predicted score values were calculated for each pixel
and used to produce false-colour RGB score maps, assigning the first three PCs to the three
RGB channels: PC1 tored, PC2 to green and PC3 to blue.

To enable an easier interpretation of false-colour RGB score maps, a customised colour
scale was developed, as shown in Figure 3.5. To construct it, pure community score values
at each sampling time were averaged across physical replicates. For instance, all pixels of
BRYO replicate 1 attime 1, BRYO replicate 2 attime 1, BRYO replicate 3 attime 1 and BRYO
replicate 4 at time 1 were averaged, yielding a single average value for PC1, PC2 and PC3
representing the BRYO sample attime 1. The three average score values obtained were then
attributed to the red channel (PC1), green channel (PC2) and blue channel (PC3), generating
a specific colour used as a discrete descriptor of the status of that community (in our
example, BRYO) at that specific dehydration level (in our example, fully hydrated — time 1).
The process was repeated across all pure communities and sampling times, and the
concatenation of the average colours systematically generated a customised colour scale
(Figure 3.5C), summarising the changes experienced by each pure community along the
entire dehydration process.
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Figure 3.5: Summary of the colourbar generation process. A: Photograph of the sample
attime 1; B: Projection of pure communities at times 1, 5, 10 and 15 in the PCA space. The
samples used are r3 for BRYO and LICR, r4 for LIFO and WOBA; C: False-colour RGB
colourbars obtained for each class of pure community. Each coloured rectangle
represents the mean RGB triplet of all physical replicates at the indicated time for the
specific sample type.

False-colour RGB score maps were then plotted for the pure communities. A
summarised version of the resulting maps, showing one of the replicates for each pure
community at every other sampling time, is shown in Figure 3.6. The complete results are
reported in Appendix A, at the end of the current chapter.

Observation of these RGB score maps highlighted both a change of colour within each
sample type over time, reflecting the time trend, and a change of colour between pure
communities atthe same sampling point. Forinstance, when comparing the BRYO samples
fromtime 1 totime 18, a clear colour change from blue to pink was observed, demonstrating
a change between the images correlated to the hydration state. Concurrently, acomparison
between, for instance, BRYO and LICR at time 1 further emphasises a clear difference in
colour, with the former appearing dark blue and the latter dark violet. These illustrative
observations, which can be repeated across other communities, confirmed that PCA
captured the information referred both to the dehydration process — as a general change in
the colour of the images over time — and to the chemical differences among communities -
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as distinctive colour patterns within an image

community types.
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Figure 3.6: False-colour RGB score maps of one physical replicate for each pure
community (BRYO r3, LICR r3, LIFO r4, WOBA r4) attimes 1, 3,5, 7,9, 11, 13, 15and 17.
Underneath each map is the picture of the sample at time 1. On the right pane, four false-

colour RGB colourbars are displayed.

Subsequently, the PCA model was applied on composites as well. For this purpose, the
images of binary and ternary composites were projected into the PCA space, and PC1, PC2
and PC3 scores were calculated for each pixel of each image. The obtained scores were
used to produce false-colour RGB score maps for all samples and time points. A
summarised version of these maps, showing one replicate foreach composite at every other
sampling time, is shown in Figure 3.7. The complete results are reported in Appendix A, at

the end of the current chapter.
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Figure 3.7: False-colour RGB score maps of one physical replicate for each composite
(BRFO r4, BRCRr2, CRFOr1, BRCFr1) attimes 1, 3,5, 7,9, 11, 13, 15 and 17. Underneath
each column is the picture of the corresponding sample at time 1. On the right pane, four

false-colour RGB colourbars are displayed.
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Observing Figure 3.7, it was possible to draw some initial conclusions regarding the
response of life forms when they interacted with each other. For instance, when comparing
the bryophytes present in the BRFO sample with the colourbar, a slower change of the blue
colour toward violet could be observed compared to the same community when present
alone on the bark. Specifically, the colour for bryophytes at time 7 in Figure 3.7 closely
resembled BRYO at time 4 on the colourbar. This trend, also confirmed in other regions of
the samples, reflected a slower water loss for bryophytes in the presence of foliose lichens.

On the other hand, when bryophytes are found together with crustose lichens, their
water loss occurred more rapidly. In particular, increased water loss could be observed in
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the areas adjacentto the lichens themselves. Indeed, in the BRCR sample, the bluish colour
typical of wet bryophytes disappeared quickly, replaced by the violet/pink colour typical of
dry bryophytes. These two complimentary effects were mutually attenuated in BRCF
samples, where both crustose and foliose lichens were present. In fact, in BRCF samples,
the dehydration rate of bryophytes resulted similar to what observed in the BRYO samples.

Similar observations could be made for all life forms considered in this study. However,
it was clear that visual interpretation of false-colour RGB score maps, even with the aid of
the custom colourbars, may be subjective and influenced by the colour perception of the
analyst. Indeed, while this strategy was powerful and provided biologically interesting
insight, it could not be considered unambiguous for understanding of the water
management in the communities. Consequently, a regression model was required to
estimate pixel-based water content.

3.1.2.4 Partial Least Squares Regression

Keeping in mind the final goal of this study, namely predicting the WC% of different
communities even when co-occurring in nature, a single model was trained for all types of
samples. As a first step, the samples were divided into a training set and a test set. The
training set contained all replicates and sampling points of the pure communities, as well
as three replicates of each composite type. The test set contained one randomly selected
physical replicate for each composite type. Details of the samples selected for each set can
be found in the Materials and methods section.

The choice to include composites in the training set reflected the need for a training set
that represented all possible sources of variability. In particular, using only pure
communities as a training set would have exclude variability associated with the overlap of
different life forms, which was a common scenario in composites. Moreover, relying solely
on pure communities would also have left a gap in the WC% coverage along the calibration
range, with LICR and WOBA covering the lower range and BRYO and LIFO covering the upper
range, leaving a gap in between. Including some replicates of the composites ensured an
even coverage of the full WC% range.

After assigning samples to either the training or test set, the data were pre-processed
using the first derivative followed by normalisation to unit area. Subsequently, a regression
model was developed with the image-based approach. The obtained model retained eight
significant latent variables, with a RMSECYV of 5.0%. When applied to the test set, the model
yielded a RMSEP of 3.1%. These error rates were deemed satisfactory, representing
approximately 10% and 6% of the total WC% range, respectively.
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Observation of the predicted versus measured space (Figure 3.8), however, highlighted
some degree of non-linearity in the response. In particular, communities containing
crustose lichens displayed an “S”-shaped behaviour. This outcome suggested that the PLS
regression model was better suited for communities that exhibited a continuous change in
WC% over time, such as BRYO and LIFO. This finding is not surprising, as PLS regression is
a linear multivariate regression technique and is therefore more appropriate for describing
gradual, regular changes rather than discontinuous ones.

Subsequently, a PLS regression model was developed under the same conditions using
the pixel-based approach. The model retained eight latent variables, with an associated
RMSECV of 6.8%. The slightly higher RMSECV compared to the image-based model
reflected the greater variability captured when describing a sample with multiple pixels
rather than a single global average signal. Moreover, in the pixel-based approach, all 500
pixels from a single image were associated with same WC% value. This increased the
internal variability of the dataset, because the actual WC% of individual pixels is unlikely to
be identical. This limitation, common to pixel-based regression, arises from the fact that
reference measurements, in this case WC%, are unique for an image and represent an
average value. Consequently, the assumption that each pixel from the same image shares
the same Y value, though necessary for building the regression model with this approach, is
not strictly correct, leading to an increase in CV error, as observed in the results.
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Figure 3.8: PLS predicted vs measured WC% using the image-based approach. A:
Training set (cross-validation); B: Test set.
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Afterwards, all pixels from all images in the training and test sets were projected into the
PLS space of both models, and a WC% value was predicted for each pixel. To compare the
prediction results obtained with the two approaches, an average predicted WC% value and
its standard deviation were calculated for each image. A visual representation of this
procedure for BRCF is shown in Figure 3.9, and comparable results were obtained for all
other communities (data not shown).

From Figure 3.9, it was evident that the image-base and pixel-based average predicted
values were close to each other and to the expected WC%, demonstrating good agreement
between the two approaches. However, the image-based model consistently produced a
larger standard deviation, indicating that WC% values predicted within the same image
varied more widely with this approach. This higher prediction variability is not surprising. By
design, the image-based model minimised the variability by describing each training sample
using its average spectrum. As a result, when used in pixel level prediction, extreme pixels
were not accurately described, since they were not represented in the training set, leading
to an increase in standard deviation.

Conversely, the pixel-based model, trained using 500 randomly selected per image,
likely included some extreme pixels in the training set. This made the model better suited to
predict such pixels accurately. These conclusions were supported by the evaluation of T?
and Q diagnostic statistics: while approximately 5% of the predicted pixels were considered
extreme in the pixel-based model, more than 15% of pixels were classified as extreme in the
image-based model, demonstrating lower robustness of the latter.
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Figure 3.9: Expected value (WC, dotted line), average predicted value with the pixel-
based model (pxb, solid line), average predicted value with the image-based model (imb,
solid line), and =standard deviation of the prediction (shaded area, both for pxb and imb),

for each physical replicate of the ternary composite BRCF.

Combining the previous observations, it appeared that the image-based model was
more strictly correct, since it associated each spectrum to a unique y value. Moreover, the
results provided by this model were more easily interpretable, enabling visualisation of the
predicted versus measured space and allowing conclusions to be drawn on the behaviour
of different classes. Conversely, pixel-level prediction obtained from the pixel-based model
demonstrated superior performance in terms of robustness, providing lower standard
deviations and a more accurate description of the sample. This was further supported by the
lower number of extreme pixels revealed by T and Q? statistics. At the same time, both
models showed high concordance between the average predicted values and the expected
WC%.
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From this perspective, the results suggested that the two approaches provide
complementary insights: the pixel-based model is more suitable for pixel-level predictions,
while the image-level model is superior for interpretability and visual analysis.

The final step of the regression pipeline was the production of water content maps for
the test set samples. These maps were single-layerimages in which each pixel was coloured
according to its estimated water content, with the colour scale normalised between the
minimum (0%) and the maximum (45%) WC% recorded across the entire dataset. This
approach provided a visual representation of moisture content along the dehydration
process in a fully non-destructive manner, preserving spatial information. Following the
considerations above, the water content maps were calculated using the pixel-based
model. The resulting maps fortimes 1 (0 h), 3(1.5h),5(3h),7(4.5h),9(6h),11(7.5h),13(9
h), 15 (10.5 h) and 17 (32 h) for the four test set samples are shown in Figure 3.10. Water
maps for all samples (training and test set) at all sampling times are reported in Appendix B,
at the end of the current chapter.

When observing Figure 3.10, a clear drying trend could be identified in the maps, with a
global colour change over time as well as finer local variations within the samples.
Compared to the PCA score maps, it was now easier to interpret the information related to
moisture content, although distinguishing different life forms within the communities was
more challenging, since each pixel was coloured according to WC% rather than life form.
However, this information could be inferred by comparing the water content maps with
photographs of the samples (Figure 3.10, bottom). Within each sample, colour variations
could be observed even at the same sampling point, and these differences generally
corresponded to different adjacent life forms, confirming local differences in water
behaviour related to community composition.

It was also noteworthy that drying did not proceed from the borders to the centre of the
sample, contrarily to what is commonly observed for non-living specimens [208]. In non-
living samples, passive drying typically results in a radial moisture gradient. The absence of
this feature in lichens and bryophytes suggested an “active drying” process. This implies an
active role of nonvascular epiphytic communities in water retention and release, potentially
linked to metabolic activity involved in respiration and photosynthesis [219,220].
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Figure 3.10: Water content maps for the test set samples (BRFO r4, BRCR r2, CRFO r1,
BRCFr1) attimes 1, 3,5, 7,9, 11, 13, 15 and 17. Underneath each column is the picture of
the corresponding sample at time 1.

Thanks to the water maps, it was possible to compare the response of each life form
when present alone with their behaviour when multiple life forms coexisted on the same
substrate (e.g. on the same piece of bark). To facilitate in this comparison, water content
maps for one replicate of each pure community at every other sampling time are displayed
in Figure 3.11, providing an example of the response of the life forms when present alone on
the substate. The complete set of maps of all pure communities at all sampling points is
reported in Appendix B, at the end of the chapter.
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Figure 3.11: Water content maps for replicate 2 for each pure community at times 1, 3,
57,9 11,13, 15and 17.

Starting with bryophytes, it could be observed that, when present with foliose lichens
(BRFQ), their drying process was very similar to that observed when this life form was
present alone. In contrast, the contiguous presence of crustose lichens and bryophytes
(BRCR) promoted faster dehydration of the bryophytes. A similar trend could be observed
for foliose lichens: their dehydration dynamics appeared unaffected when adjacent to
bryophytes (BRFO) but was accelerated when they coexisted with crustose lichens (CRFO).
A different pattern emerged for crustose lichens: their drying process seemed enhanced
when next to bryophytes (BRCR), while it appeared unaffected or slightly slowed down when
sharing the community with foliose lichens (CRFO).
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An even more complex scenario arose when all three life forms coexisted within the
same region, as seen in the BRCF sample. In this specimen, bryophytes, crustose lichens,
and foliose lichens occupied overlapping spaces, allowing direct interactions among them.
In particular, it could be observed that the two crustose lichens thalli (top-left and bottom-
centre of the BRCF sample; see real colour RGB picture in Figure 3.10) dried more slowly
compared to when this life form was present alone. Specifically, the red colour, representing
WC% < 5%, appears only at time 7 in crustose lichens spots in the BRCF sample, whereas
in the crustose lichens-only community this colour was already present at time 3.
Meanwhile, foliose lichens appeared to dry slightly faster that when present alone. In the
composite, light blue regions (25% < WC% < 30%) were already visible around time 5-7,
compared to time 9-11 for the pure foliose lichen community. Conversely, the desiccation
of bryophytes desiccation seemed largely unaffected by the presence of other life forms.

3.1.2.5Biological discussion and process interpretation

Considering the presented results, itis possible to outline some general considerations
for understanding their impact in the biological context.

Nonvascular epiphytic communities shape water-related ecological processes. Through
their morphological and anatomical traits, they directly influence the dynamics of
hydration/dehydration cycles of the ecosystems, both at a micro- and macroscale [188]. In
more detail, communities consisting of a single life form showed characteristic desiccation
patterns. In particular, samples mainly consisting of bryophytes or foliose lichens showed
slower desiccation in respects to community dominated by crustose lichens. This
characteristic behaviour can be ascribable to morphological traits. Indeed, in the case of
bryophytes, their very complex architecture and structure with different growth forms (e.g.,
mats, cushions, turfs, or wefts) enhance their water holding capacity [221,222]. Moving to
the inner structure of the thalli, bryophytes have a distinct water transport mechanism, as
they prioritise the water movement through external pathways and capillary spaces
[220,223]. Coming to lichens, both foliose and crustose varieties adopt their own water
management strategies as well [224]. Considering the inner structure of the thalli, in fact,
foliose lichens have a porous internal anatomy that retains more water to prevent rapid
desiccation of the thallus. This makes them more similar to bryophytes in terms of water
management. Conversely, many crustose lichens avoid the formation of water films on their
upper surface, thus limiting their water uptake and reducing the risk of water supra-
saturation.
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The described water uptake strategies, characteristic for each growth form, are the
result of adaptations to compensate for the water saturation, while facilitating the
photosynthetic activity.

When moving to composites, typical of natural environments, the functional
composition of the community is the decisive factor in determining how the epiphytic
community manages water and how it contributes to the water balance at the ecosystem
level. Although complex, by analysing communities composed of several organisms, it is
possible to figure out mechanisms of competition or facilitation for the water resource
within the community. Organisms that adopt similar uptake strategies, such as bryophytes
and foliose lichens, do not differ in the water management, suggesting mechanisms of
favouritism toward the water resource. In contrast, if crustose lichens are present along with
bryophytes and/or foliose lichens, water loss is faster for the thalli of bryophytes and foliose
lichens, while it is slower for the thalli of crustose lichens, suggesting mechanisms of
competition for water resources. These results are in accordance with the hypothesis
presented by Bowker et al., who suggested that facilitation and competition mechanisms
are aresponse of species to stress [225].
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3.1.3 Materials and methods

Samples were collected using a chisel on chestnut (Castanea sativa Mill.) bark in a
remote area of the Ligurian Apennines (N-Italy) and kept in paper bags until return to the
laboratory. Here, all samples were left at room temperature and humidity (18°C and 40%
relative humidity) for one week. During the week the weights of all samples were monitored
until weight stabilisation and then natural dry weight was measured and stored as DW (Dry
Weight).

The day before the analysis samples were sprayed every three hours with water until the
saturation point was reached. During the day of analysis, just before the analysis started,
samples were treated according to Longinotti et al. [226]: the upper surface of the samples
was sprayed with water until complete hydration was achieved, i.e. continued spraying
would not induce an increase in wet mass. The samples were then shaken to remove the
external water and, finally, their surface was quickly blotted with paper towel to avoid the
presence of waterdrops. The weight after blotting was measured and stored as WW (Wet
Weight).

Immediately after weighing, samples underwent NIR hyperspectral analysis. The
samples were divided into 8 different trays to facilitate HSI analysis, each tray containing the
four physical replicates of one of the sample types. The process of weighing and taking
hyperspectral images was repeated every 45 minutes for each tray, analysing the trays in a
fixed order to ensure consistency in the time gap between analysis. The weight measured
each time before taking the images was stored as CW (Current Weight). Between one set of
measurements and the following, the samples were kept in fixed laboratory conditions. The
temperature and relative humidity of the laboratory was monitored using a data logger
(Onset HOBO MX2304 Weatherproof Bluetooth Temperature Data Logger with External
Sensor) that recorded data every minute, and both resulted to be stable, with mean values
respectively 19.7°C and 40.5%.

In total, the analytical procedure was repeated every 45 minutes for 15 times (t01-t15),
covering a total of 630 minutes (= 10h 30’). Two other measurements were taken the
following day, one at 26 h (t16) and one at 32 h (t17) from the first measurement, with the
aim of including in the study also the following steps of the drying process. Finally, the
pipeline was repeated one last time around one month after the end of the experiment (t18)
to ensure that the samples had completely dried and that they had gotten to stable
conditions. Complete drying was considered achieved when the weight of samples was not
significantly changing overtime for at least 3 days.
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3.1.3.1 Water content

To evaluate the amount of water present in the samples at every stage of the drying
process, an index was calculated, according to Equation 3.1:

CW —-DW

WC% =

*100% (3.1)

Water content (WC%) is expressed as a percentage and indicates equivalent water per
mass of the dry thallus area [186,205,226]. Itis calculated by subtracting the dry weight (DW)
from the current weight (CW) and then normalising the result according to the CW.
Therefore, it provides an indication of the percentage of water contained in the sample with
respect to the sample’s weight at that specific time. It ranges from 0% when CW = DW to
values always lower than 100%.

For summarising the information related to the water content, several indices were
calculated alternatively combining DW, CW and WW [205]. However, all indices were
confrontable and therefore the most represented in literature was chosen.

3.1.3.2 Hyperspectral imaging

NIR-HSI images were acquired for all samples using a push-broom HSI system by
Specim (Spectral Imaging ltd., Oulu, Finland) composed of a short-wave infrared SWIR3
hyperspectral camera operating in the 1000-2500 nm spectral range with an OLES15
camera lens located 25 cm above the samples. The camera had a spatial resolution of 384
pixels and 288 spectral channels (FWHM = 5.6 nm). The resulting image had a pixel size of
about 0.5 mm. Samples were scanned using a horizontal linear scanner (40 x 20 cm
LabScanner) and were illuminated with three tungsten halogen lamps (12 V, 35 W, 430 lm,
2900 K, each) located 30 cm away from the samples and with a 45° angle. During image
acquisition, the frame rate was equal to 50 Hz and the exposure time was set to 9 ms. The
Lumo Scanner v. 2.6 software (Specim, Spectral Imaging ltd., Oulu, Finland) was used to
control the system. Dark (closed shutter) and white (20 x 200 mm plate, 99% reflectance
Spectralon®) reference images were automatically recorded and stored before analysis of
each tray of samples. The dark image was subtracted from sample and the white reference
images. After this, reflectance (R) was computed dividing the sample image by the white
reference in a wavelength and pixel-resolved way. A total of 144 (8 sample trays x 18 times)
images were recorded during the experiment.
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3.1.3.3 Data treatment

The data treatment consisted of the following steps: a) images processing, aimed at
preparing the collected HSI data and b) multivariate analysis of the pre-processed data to
explore the sources of variation and developing calibration models for the assessment of
WC% during the dehydration of epiphytic communities. These steps are summarised in
Figure 3.12 and detailed below.
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Figure 3.12: Data processing pipeline. A: Image acquisition, masking and segmenting; B:
Visual schematisation of data selection with image-based (top) and pixel-based (bottom)
approaches.

123



3.1.3.8.1lmage processing

All data pre-processing, processing and chemometrics analysis were carried out using
in-house developed scripts in the MATLAB® environment, version R2023a (The MathWorks,
Natick, MA, USA) and the PLS-Toolbox 9.2 software (Eigenvector Research Inc., Manson,
WA, USA).

Each captured hyperspectral image was stored in a three-dimensional data array,
wherein the first two dimensions represented the length and width in pixels, respectively,
while the third dimension corresponded to the 288 wavelength channels. The initial step in
datatreatment involved masking the background using a total intensity threshold, and it was
followed by image segmentation, used to separate the four physical replicates measured
simultaneously. This step involved the detection and extraction of each sample from the
originalimage, as shown in Figure 3.12A. This segmentation process was automated across
all collected images, thereby storing a total of 576 (8 sample trays x 4 replicates in each tray
x 18 times) segmented images and their associated masks.

Before conducting multivariate analysis, the reflectance spectra were transformed into
pseudo-absorbance, i.e. —log,,(R) was calculated and then pre-processed. The pre-
processing involved applying a Savitzky-Golay first derivative (second order polynomial and
window size of 11 points) [132] followed by normalisation to unit length obtained by
computing the square root of the sum of the squared value of all selected variables for the
given sample, returning a vector of length equal to 1.

3.1.3.3.2 Multivariate analysis

Multivariate analysis was carried out for data exploration and building calibration
models to predict water content. However, given the high amount of data to be handled,
before multivariate analysis information was extracted from each pre-processed image
using two different approaches: a) image-based and b) pixel-based [58], as represented in
Figure 3.12B.

The image-based approach consisted first of individuating four adjacent 25x25 pixels
regions of interest (ROIs) from the centre of each segmented image. For each of those
regions, the median SWIR spectrum was calculated, and then an average of the four
medians was computed, thus obtaining a single spectrum to represent the whole sample.
This resulted in a total of 576 mean spectra collected in a matrix with 576 rows (samples)
and 288 columns (spectral variables). Even though the proposed image-based strategy is
not properly accounting for spatial variability within each sample, the presented approach
was aimed at interpreting the spectral data and drawing general conclusions on
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macroscopic differences among the samples of different epiphytic communities during the
dehydration process. Indeed, condensing the information for each sample in a single
spectrum improves the readability both of score and loading plots and regression vectors.

The pixel-based approach consisted of extracting 500 random pixels from each
segmented image and it allowed to take into consideration the intra-sample biological
variability. In this way the models developed were more robust, in terms of representativity
of the samples, though more complex for the sake of interpretation.

Both the approaches were carried out in parallel in all stages of data analysis, with the
aim of checking the consistency of the two strategies but also for exploiting, from one side,
the interpretability of a simple approach and, from the other side, the robustness of a
properly trained model. The data issued from each approach were used as input for the
development of multivariate analysis models, using the strategies described below.

Principal component analysis (PCA)

In this study, PCA was used for exploratory data analysis using the datasets obtained
from image- and pixel-based approaches. In the first case (image-based), the data matrix
with the mean spectrum from each pre-processed image was column mean centred and
subjected to PCA. Score and loading plots were analysed to understand the spectralregions
most significant to globally describe the dissimilarities among the distinct types of
nonvascular epiphytic communities throughout the dehydration process. Systematic
differences between physical replicates were also studied, to better understand the
influence of inter- and intra-specific variation.

When employing the pixel-based approach, the PCA model was built using spectra
exclusively from samples exhibiting a single life form, i.e. BRYO, LICR, LIFO and WOBA, as
the training set. Given the interest of representing the samples as score maps, highlighting
the distribution of different communities from a spatial perspective, prediction score maps
were also obtained. To do that, all pixel spectra of the training set and test set (binary and
ternary composites - BRCF, BRCR, BRFO, CRFO), were pre-processed using the same
strategy used for model training and projected onto the previously obtained model, i.e. their
spectra were multiplied to the model’s loading values and score values were obtained.

False-colour RGB score maps were derived overlaying the first three principal
components [227], thus having the first PC accounting for the red colour and the second and
the third for green and blue, respectively. Then, to better interpret the score maps of the test
set, false-colour RGB colourbars were produced from the samples of the training set. To
reach this goal, scores of pure communities at each time were averaged across all four
replicates, thus obtaining a PC1/PC2/PC3 triplet referring to this specific pure community
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atthis sampling time. The triplet was translated into an RGB colour and used to describe the
behaviour of the life form at the considered time. In this way, four colourbars were obtained,
one for bryophytes, one for crustose lichens, one for foliose lichens and one for bark, and
used together to interpret the behaviour of binary and ternary composites.

Partial least squares regression (PLS-R)

In this study, PLS regression models were built to predict the water content both at an
image level and at a pixel level. Before PLS regression model training, the samples were split
into independent training and test sets. The test set comprised four composites, one
randomly selected from each composite type, and in particular BRCR replicate 4, BRFO
replicate 2, CRFO replicate 1 and BRCF replicate 1. The training set comprised all pure
communities (BRYO, LICR, LIFO and WOBA) and the remaining three physical replicates
from each composite type, amounting to 28 samples.

To build the PLS regression model, both the matrix with pre-processed spectral data and
the vector with reference water content were column mean centred. To determine the
number of significant PLS latent variables, a leave-one-sample-out cross validation method
was used. In more detail, at each cross-validation iteration, a physical replicate at all
sampling times was kept out, thus at each iteration of the cross-validation the model was
built on 27 out of the 28 samples of the training set and tested on all 18 times of the left out
sample. This approach ensures a minimisation of overfitting [96], ensuring that the model is
being evaluated on samples independent from those used for model calibration. The final
RMSECYV was calculated as an average of the RMSECV obtained at each iteration.

Figures of merit for multivariate calibration were calculated to evaluate the
performances of model training and test [228]. In particular, the best model was chosen
minimising the root mean square error in cross validation (RMSECV).

After building the PLS regression models, they were employed to predict the WC% of
samples within the test set. Both the image-based and the pixel-based approaches were
used in prediction, and the outcomes were compared. The final result was a water content
for each pixel of the image, enabling the visualisation of a sample water map for each time
of the dehydration process. To ensure that a specific colour represented the same water
content in all images, facilitating the comparison between both different samples at the
same time and the same sample at different times, the colour scale used for the images was
kept constant and was scaled between the minimum and the maximum water contents
identified in the dataset, i.e. between 0% to 45%.
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3.1.4Conclusions

Using NIR-HSI and multivariate methods, the present study enabled the detailed
visualisation of water content maps during the dehydration process of nonvascular
epiphytic communities, revealing patterns of water management that highlight facilitation
and competition mechanisms between different life forms. The present research has
underscored the importance of studying the dynamic processes of resource management
between species with different morphologies and anatomies through a spatially-resolved
approach, a topic considered particularly challenging by the scientific community.

For the first time, an analytical strategy based on HSI was established to map the water
content of nonvascular epiphytic communities during a desiccation process while explicitly
accounting for interactions among different life forms. In particular, exploratory analysis of
the data by means of PCA demonstrated that the highest source of variability throughout the
process arises primarily from water loss, while differences among communities were also
detectable. Indeed, the production of false-colour RGB score maps enabled the evaluation
of different life forms’ behaviour, providing an initial contribution to understanding
facilitation and competition mechanisms based on community composition. Moreover, the
use of multivariate regression by means of PLS to predict water content at the pixel level led
to the construction of single layer maps representing the actual humidity of each pixel
composing the sample, thus permitting the evaluation of communities’ behaviour at a fine-
scale. Importantly, all result obtained from the analysis of raw spectra, PCA, and regression
were mutually consistent and accurately reflected what was observed by weight loss
monitoring, thereby providing a valuable method for recovering spatial information while
monitoring dehydration.

The analytical impact and novelty of the approach were further supported by the
consistency of results obtained when developing the model with two different strategies,
namely image-based and pixel-based, and by the complementarity of the information
derived from each strategy. This result suggests the advantage of not prioritising one
strategy over the other, highlighting instead the importance of applying both to gain a deeper
understanding of the topic under study.

The analytical strategy developed in this work has the potential to exert substantial
impactin this context, enabling real time, non-destructive monitoring of water management
for lichens and bryophytes, and demonstrating the viability of NIR-HSI as a tool for following
dehydration processes in living organisms. In particular, the possibility of monitoring the
process without interfering with community water management could lead to an enhanced
understanding of potential ecosystem functions for other organisms associated with the
same environment as the monitored one.
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However, it is important to consider that photosynthetic activity is strongly associated
with water management. Therefore, contextual monitoring of metabolic activity and
moisture content of communities might be relevant in further work. Indeed, mechanisms of
facilitation and competition in water management could mirror those of photosynthesis,
and such insight might ultimately increase the relevance of the conclusions.
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4 MATERIAL SCIENCES

4.1 INVESTIGATING THE PENETRATION DEPTH OF SWIR RADIATION
THROUGH HYPERSPECTRAL IMAGING

4.1.1Introduction

The fundamental objective of imaging techniques is to acquire a surface or a scene and
represent the associated information [229]. In the context of spectralimaging, this objective
is broadened to encompass the simultaneous acquisition of spatial and spectral
information, thereby generating a complete spectral profile at each individual pixel.
Instruments employed for this purpose are based on most of the primary spectroscopic
techniques of analytical relevance, such as ultraviolet—-visible (UV-Vis), fluorescence, near-
infrared (NIR), mid-infrared (MIR), Raman and X-ray fluorescence (XRF) [52]. Collectively,
these methodologies fall under the broad classification of hyperspectral imaging (HSI)
techniques, which are typically non-destructive and contactless analytical methods
particularly suitable for the study of delicate or high-value specimens.

Conventionally, HSI entails the acquisition of two spatial dimensions (x, y) in conjunction
with a spectral dimension (A). However, although hyperspectral datasets are primarily
interpreted as surface information, they may also contain subsurface contributions, as
radiation at certain wavelengths can penetrate below the surface. Within the spectral
regions employed in analytical spectroscopy, NIR radiation has been shown to exhibit
notable penetration capabilities [230].

NIR spectroscopy is a rapid, non-invasive and non-destructive analytical technique with
broad applicability across diverse domains, including medical diagnostics, food quality
assessment, forensic analysis, and cultural heritage investigations [24]. It operates within
the electromagnetic spectrum range of 780 to 2500 nm (12,820 to 4000 cm™'), where
absorption of radiation arises overtone and combination transitions of molecular vibrations.
The relatively low energy of NIR photons means that they seldom correspond to strong
electronic transitions, resulting in fewer absorption events [24] and consequently allowing
for deeper radiation penetration through materials. The effective penetration depth of NIR
radiation is, however, influenced by multiple factors beyond chemical composition,
including scattering, sample geometry, radiation intensity and incidence angle, and the
specific wavelengths employed as well [230,231]. A comprehensive understanding of these
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parameters is essential for optimising the application of NIR spectroscopy across various
scientific and technological fields.

Some studies have explored the penetration depth of NIR radiation in biomedical,
pharmaceutical, cultural heritage, and food science applications. For instance, brain
imaging research demonstrated that NIR penetration is deeper in neonates than adults due
to tissue composition differences [232], reporting depths up to 2-3 cm in adults, with
superficial layers absorbing most of the energy [233]. On the other hand, when studying non-
invasive glucose monitoring, effective penetration was limited to a few millimetres,
reportedly due to high water content in skin tissues [234]. Cartilage analysis pointed out a
wavelength-dependent behaviour of penetration, which was up to 5 mm at 1110-1430 nm
and decreased at longer wavelengths [235]. Wavelength dependence of penetration was
also confirmed in pharmaceutical studies. Among others, Clarke et al. found penetration
depths ranging from ~0.1 mm at 2500 nm to ~0.8 mm at 1100 nm in cellulose-based
materials [236], while Yang et al. observed penetration up to 2 mm in tablets [237],
influenced by formulation and wavelength selection. In cultural heritage analysis, Longoni
et al. indirectly estimated penetration depths of 60-100 um using FT-NIR (7500-4000 cm™")
in multilayered paintings [238], while Cucci et al. and Catelli et al. extended NIR-HSI (750-
2500 nm) for stratigraphic imaging, demonstrating enhanced subsurface visualisation
capabilities [239,240]. In the food sector, NIR radiation was shown to penetrate 9-15 mmin
watermelon, depending on sample configuration [241,242], and up to 1.8 mm in powdered
products like wheat flour [243]. Moisture content emerged as a key factor, reducing
penetration in high-moisture samples such as raw potato (1 mm) versus ham (2.4 mm)
[244,245].

While these studies provide valuable application-specific insights, to date, only a limited
number of studies have attempted to characterise NIR penetration depth in a systematic
and quantitative manner. Among them, Pomerantsev et al. [246,247] proposed a
deconvolution strategy to separate transmittance, scattering, and absorbance
contributions, but their work primarily aimed at identifying the spectral signature of
subsurface targets rather than elucidating the physical mechanisms of penetration.
Moreover, most studies employed point-based NIR spectroscopy rather than hyperspectral
imaging, thus neglecting the potential of spatially resolved data for investigating penetration
phenomena. In fact, despite the increasing adoption of NIR-HSI, a comprehensive,
physically grounded understanding of how deeply NIR radiation penetrates in stratified
materials, and of the physical factors governing this process, remain elusive. The absence
of such understanding represents a major limitation, as it constrains the interpretability of
NIR-HSI data and hampers its extension beyond traditional surface analysis.

Within this context, the present study addresses this critical gap. The project aims to
revolutionise the conventional concept of HSI by evolving it from a surface analytical
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technique into a depth-resolved, three-dimensional spectral tomography. Specifically, this
work provides the first systematic and quantitative investigation of NIR radiation penetration
in a controlled HSI configuration, using stratified polymeric samples with known
stratigraphy and composition produced via 3D printing. The penetration behaviour was
examined using complementary chemometric strategies, including exploratory (principal
component analysis — PCA), unmixing (classical least squares — CLS), and both linear
(partial least squares — PLS) and non-linear (convolutional neural networks - CNN)
regression approaches. To verify the consistency of the outcome, analyses were carried out
in parallel with two different NIR-HSI instruments.

The present work therefore represents the first systematic attempt to quantify NIR-HSI
penetration, using well-defined model systems. This integrated approach bridges the gap
between qualitative visualisation and quantitative modelling of penetration phenomena,
establishing a reproducible framework to assess and predict NIR-HSI penetration depth. By
doing so, it challenges the conventional interpretation of NIR-HSI as a purely surface-
sensitive method and lays the groundwork for a deeper understanding of NIR radiation
penetration, opening the way for the future development of the technique into a true 3D
spectral imaging tool.
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4.1.2 Results and discussion

4.1.2.1 Experimental protocol

Multi-material stratified samples were produced by means of a 3D printer using two
different transparent polymers: polylactic acid (PLA) and polyethylene terephthalate glycol
(PETG). Twenty-one samples were produced in the form of 1 cm cubes. The first cube was
made entirely of PLA, then strata were prepared, increasing the height of PETG by 0.5 mm
and consequently decreasing the height of PLA by the same amount (or “pace”) for each
sample until the last cube, which was made entirely of PETG. Figure 4.1A shows a
schematic representation of the series. The cubes were made as solid samples, i.e., without
empty space within the structure (fill density = 100%), and subsequent layers were printed
with a linear fill pattern, as represented in Figure 4.1D.

A Pace =0.5mm

Training set & internal test set

/\ -
h=1cm T
| 2
N * *Y * * 8
n=21 3
(¢))
o

B Pace =2 mm

n=4
External test set

¢ Infill= concentric

* Infill = linear . o Infill=Hilbert curve .

Figure 4.1: Schematic representation of the samples, their printing pattern and the
instrumental configuration. A: Cubic samples, showing the increase of PETG (light grey) of
0.5 mm and consequent decrease of PLA (dark grey) along the series, keeping the total
height constant (1 cm); B: Same but for cylindrical samples; C: Schematic representation
of the HSI acquisition setup; D: Detail of the fill patterns used for sample infill.
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Furthermore, four additional stratified samples were printed in the shape of cylinders
with a1 cm base diameter and a total height of 1 cm, with a pace of 2 mm (Figure 4.1B). They
were all printed with a 100% fill density, but the fill patterns utilised differed from those
employed in the cubes. Specifically, the cylinders with 2 and 8 mm of PLA employed the
Hilbert curve fill pattern, while the cylinders with 4 and 6 mm of PLA used the concentric fill
pattern. Both patterns are represented in Figure 4.1D. This further set was produced with
the idea that the printing pattern, affecting the physical properties of the material, might
have an effect on how it interacts with the radiation, conditioning scattering effects.
Therefore, the production of new samples with the same fill density but different shape and
printing patterns ensured the presence of a truly independent set of samples to be used for
model validation.

After production, samples underwent HSI analysis. In particular, samples were located
under the detector and images were captured from above. The images were captured with
two different cameras, one by Specim and one by HySpex (details in Materials and methods
section), and they were registered either with the PETG layer facing the detector (PETG-UP)
or with the PLA layer facing the detector (PLA-UP).

4.1.2.2 Spectral analysis

Initially, HSI images of the training set samples were segmented and regions of interest
(ROIls) were extracted from each cubic sample. Then all pixel spectra of each ROl were
averaged, obtaining a single spectrum representing each sample. These spectra were then
plotted in order to interpret the spectral signatures of the two polymers, PETG and PLA, and
to identify trends related to polymer height, as illustrated in Figure 4.2.

The NIR spectra of the two polymers exhibited pronounced characteristic absorptions
within the 1100-1250 nm region. These absorptions were attributed to the second overtone
of the carbon-hydrogen (C-H) bond. This region corresponds both to the antisymmetric
methyl and methylene stretching [218], which is indicative of the presence of the CH; and
CHs groups, and to aromatic C-H stretching. In this region, PLA exhibited a single band, likely
attributable to the exclusive presence of aliphatic C-H bonds. Conversely, PETG, which
presented both aromatic and aliphatic bonds, displayed two bands. A strong band
pertaining to the combination band of stretching and bending (2v+9d) [248] of methyl and
methylene groups was discernible at approximately 1400 nm, overlapping with the first
overtone of the oxygen-hydrogen bond (O-H) stretching vibration. This band was connected
both to the glycol group of PETG and to water in PLA, the latter being a hygroscopic polymer
[249]. In particular, the humidity contribution for PLA probably outweighed the O-H
contribution for PETG, thus rendering PLA absorption more pronounced in this region.
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Subsequently, from 1600 nm to approximately 2250 nm, the spectra exhibited multiple
overlapped absorption bands, whose precise attribution resulted challenging. However,
this region could be generally regarded as a fingerprint related to C-H, O-H, C=0 and C-O
bond vibrations. Conversely, the region of the spectrum after 2250 resulted quite flat,
exhibiting minimal diagnostic capability to differentiate between the two polymers.

Upon examination of the raw spectra, depicted in Figures 4.2A-B-E-F, the presence of a
total intensity effect emerges. This trend is at least slightly related to the increase in
thickness of PLA and to the simultaneous reduction of PETG, with samples with more PLA
presenting lower reflectance. This outcome partly confirms what was evidenced by
Pomerantsev et al [246,247], who demonstrated that a reflectance increase can be
expected when polyethylene thickness increases. In the case of this study, however, the
correlation between increased reflectance and polymer height was not perfect, therefore
this effect can be effectively removed by applying the SNV transform, as illustrated in
Figures 4.2C-D-G-H.

Following the pre-processing stage, a trend related to the height of the polymer facing
the detector could be readily discerned in the figure. The region between 1100-1500 nm
showed the greatest diagnostic potential, with bands indicative of PLA and PETG gradually
increasing and decreasing in intensity. A continuous change in these bands was evident for
the first half of the samples, where the bands representative of top polymer gradually
increased in intensity when the polymer height varied from 0 to approximately 5 mm (from
blue to aquamarine in the figure). In the second half, for the height going from 5 to 10 mm
(from aquamarine to red in the figure), the spectra of subsequent ROIls became visually
indistinguishable as they overlapped significantly. The region between 2100-2250 nm was
of particular interest, as it allowed to distinguish which of the two polymers was facing the
detector. Indeed, in the PETG-UP configuration, this region maintained a more defined
shape, characterised by three narrow, consecutive bands. On the contrary, in PLA-UP the
considered region kept a broader and rounder shape, with the distinct bands being
discernible only at very low heights of PLA.

The analysis of both raw and pre-processed spectra demonstrated a consistent

behaviour of the two instruments used, with spectral signatures for HySpex and Specim
exhibiting an almost perfect overlap.

150



60 Mean spectra, raw data, PETG above 0 60 Mean spectra, raw data, PLA above 10
9
50
8
7
40
= =
B 6 B
8 ol 8 <
c il | RS 3
£ 30 sal 8 -
° el © 3
e Ell 2 E
2 <)e
20
3
2
10
1
% 0
) 1000 1500 2000 2500 1000 1500 2000 2500
o Wavelength, nm Wavelength, nm
(g 5 Mean spectra, snv data, PETG above 10 2 Mean spectra, snv data, PLA above 10
I
9 9
8 8
7 7
B g
6 6
s olls <
3 518 s
3 * s ° e
< ||z 3
> 4 > 4
e c
@ @
3 3
2 2
1 1
-1.5 0 1.5 0
1000 1500 2000 2500 1000 1500 2000 2500
Wavelength, nm Wavelength, nm
Mean spectra, raw data, PETG above Mean spectra, raw data, PLA above
0.6 T 4 10 05 10
9 9
0.5
8 8
7 7
0.4
R ®
e 6 ° 6
8 ofl8 <
c a5l 3
£o03 5 afls 5 O
° =1l £
8 el c
& 4 & 4
0.2
3 3
2 2
0.1
1 1
0 = 0 0 — 0
E 1000 1200 1400 1600 1800 2000 2200 2400 2600 1000 1200 1400 1600 1800 2000 2200 2400 2600
‘6 Wavelength, nm Wavelength, nm
Q Mean spectra, snv data, PETG above Mean spectra, snv data, PLA above
o 2 10 2 10
n G . A H .
1.5 1.5 \
8 8
1 7 1 7
g g
6 6
§ 05 oll§ os <
3 58 5
2 5 alle 5 &
k] elle E
< o Elle o £
= 4 = 4
H c
@ @
05 3 0.5 3
2 2
-1 -1
1 1
-1.5 -1.5 0
1000 1200 1400 1600 1800 2000 2200 2400 2600 1000 1200 1400 1600 1800 2000 2200 2400 2600
Wavelength, nm Wavelength, nm

Figure 4.2: Average (object-based) spectra for HySpex (from A to D) and Specim (from E to
H) analysis, coloured according to the height of the polymer facing the detector. The
spectra appear either in their raw (A, B, E, F) or SNV transformed (C, D, G, H) form, and the
results are reported both for PETG-UP (A, C, E, G) and PLA-UP (B, D, F, H).
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4.1.2.3PCA

Subsequently, pixel-based exploratory analysis was carried out utilising PCA, the results
of which are illustrated in Figure 4.3. The application of Savitzky-Golay first derivative
followed by SNV transform ensured that the highest source of variability, condensed in PC1,
was connected to the information of interest, i.e., polymer height, having minimised the
extent of unwanted systematic variations thanks to the pre-processing applied. Indeed,
when analysing the trend of PC1 score values with respect to the height of the polymer facing
the detector, it was possible to observe an increasing trend for PETG-UP (Figure 4.3A and
4.3H) and a decreasing trend for PLA-UP (Figure 4.3F and 4.3P). However, the observed
trend exhibited a non-linear behaviour. For PETG-UP, a pronounced change was evident at
the beginning of the trend, with substantial variations between successive samples when
the height of the polymer facing the objective changed from 0 to approximately 3 mm,
diminished variations in the range of 3 to 6.5 mm, and a rapid stabilisation of score values
subsequently. In a similar manner, PLA-UP scores demonstrated significant alterations
from 0 to approximately 6 mm, with a rapid stabilisation of score values thereafter. This
trend was visually confirmed by the score maps of the training set for both PETG-UP (Figures
4.3C and 4.3M) and PLA-UP (Figures 4.3H and 4.3R). While the first seven ROls rapidly
changed colour from blue to red or vice-versa, the remaining 14 samples slowly became
darker, with the last ROls being almost indiscernible from one another.

The chemical nature of the information retained in PC1 was confirmed by the loading
plots (Figures 4.3B-G-L-Q), which presented high values in the 1100-1250 nm region. This
region corresponds to the second overtone of C-H vibration, as previously identified in
section 4.1.2.2. The fact that the region exhibiting the most significant variations in the
spectra corresponded to the area of greatest importance in the loadings, gave further
support to the hypothesis that alterations in polymer height were indeed the variable
captured by PC1. However, another region which showed almost equivalent importance in
terms of loading absolute values was located between 1600 and 1700 nm, a region which
was notvisually identified as significantin the spectralinterpretation. Though itis imperative
to exercise caution when evaluating band attribution in pre-processed data [131], a re-
examination of the raw data profiles (Figures 4.2A-B-E-F) revealed that the main difference
between the two polymers in this region could be ascribed to a shoulder feature that was
characteristic of PLA. This was likely attributable to the C-H first-overtone (2v) [248]
contribution from the stretching of the methyl group in the PLA backbone. Indeed, PLA
structure presents a pendant —-CH, group, a feature absent in the structure of PETG. A
shoulder could be indicative of overlapping C-H bands from different chemical
environments. The presence of a chiral backbone in PLA engenders a distinct C-H
environment compared to that observed in PETG’s glycol/ethylene units, which likely results
in the formation of this highly diagnostic extra shoulderin PLA.
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Additionally, the analysis of loadings demonstrated a high degree of similarity across the
various models, irrespective of the polymer facing the detector. This finding serves to
emphasise the efficacy of PCAin discerning chemicalinformation from the samples without
being confounded by their orientation. This finding also explains the opposite trends
exhibited by the score values of PETG-UP and PLA-UP.

Finally, the pixel spectra from the internal and external test sets were projected in the PC
space of the respective training set, and the resulting PC1 score maps were analysed. The
results for the internal test set (Figure 4.3D-1-N-S) exhibited substantial overlap with those
obtained from the training set, characterised by comparable noise levels, consistency of the
colour associated to the specific height, and evident flattening at elevated top-polymer
height. However, subsequent analysis of the external test set score maps (Figure 4.3 E-J-O-
T) revealed discrepancies when compared to the training set. Increased noise was detected,
attributable to the use of an alternative fill pattern during the production of the specimens,
which could be readily distinguished by visual inspection. In particular, when observing the
HySpex results for the samples using the Hilbert Curve fill pattern (Figure 4.3E and 4.3)J, first
and last of the series), the pattern shape could clearly be identified. Indeed, the pattern used
for the external test set could not be explained by the model of the training set, which used
a linear pattern, and therefore this source of variability reappears in the scores of the test
set. Furthermore, an analysis of the external test set samples revealed colour differences
when moving from 6 to 8 mm of the top-polymer, which were indiscernible in the training
set. This result suggests that the fill pattern, by modifying the internal structure of the
sample, influences the penetration depth of the NIR radiation, indicating that the process
may be strongly conditioned by the physical properties of the sample.

When the results from HySpex (Figure 4.3, from A to J) and Specim (Figure 4.4, from Kto
T) were compared, they were once again found to be highly overlapped, with score maps
that were almost identical and comparable amount of explained variance in the first
component. However, in the Specim scores the printing pattern in the external test set was
less evident, probably due to the instrumental setup, which caused a lower spatial
resolution and consequent higher pixel size.
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Figure 4.3: PCA results for HySpex (from A to J) and Specim (from K to T) data for PETG-UP
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In summary, PCA results were valuable in partially confirming the penetration capability
of NIR-HSI into the material, showcasing a correlation between the score values and the top
polymer height. However, the identification of a penetration limit proved to be quite
challenging. In fact, the non-linear behaviour observed in the scores may be attributable to
a reduced penetration in the deeper layers, but increased scattering effects in these layers
may also be responsible for the observed trend. The mentioned phenomena may confound
the chemical information, thereby reducing the macroscopic differences between
consecutive samples, even if the penetration remains effective. Consequently, further
chemometric analysis is required to explore this topic more thoroughly. In particular, while
PCA provided an overview of the main sources of spectral variance and suggested potential
correlations with polymer thickness, a more quantitative approach was required to
decompose the spectra into contributions from individual polymer components. To this
end, CLS was applied to directly assess the relative contributions of the top and bottom
layers.

4.1.2.4CLS

CLSwas therefore employed as a signal deconvolution technique to derive a pixel-based
predicted height of the two polymers by means of the spectral signature of the pure
components. The results of the deconvolution process are presented in Figure 4.4. As
demonstrated in the predicted versus measured plot, displayed in the object-based
approach for the purpose of visualisation, both the training set (Figure 4.4A-G-M-S), the
internal test set (Figure 4.4B-H-N-T) and external test set (Figure 4.4C-1-0-U) exhibited a
trend that was in alignment with the observations made from the scores of PC1 during PCA.
Indeed, a non-linear trend was evident in all sets, none of which could be adequately
described by the results of the deconvolution.

However, some discrepancies could be observed between the two materials, which
could not be evidenced in PCA. In particular, when the PLA-UP configuration was
considered, though its RMSE was still unacceptable from a modelling purpose, it was lower
than that of the PETG-UP configuration, with an average discrepancy of approximately 0.6
mm. This may indicate that the penetration of NIR radiation in PLA is superior to PETG.
Indeed, in the PLA-UP configuration, despite the persistence of the flattening phenomenon,
samples in the range of 6-10 mm of height still present an increasing trend, though with
lower steepness, a feature that is not observed in PETG. This finding aligns with the
established literature on the subject, which posits a correlation between penetration and
chemical properties of the material [230].
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Figure 4.4: CLS results for HySpex (from A to L) and Specim (from M to X) data for PETG-UP
(from Ato Fand from M to R) or PLA-UP (from G to L and from S to X) configuration.
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Afterwards, pixel-based height prediction of the top-polymer was employed to generate
prediction maps for all sets (Figures 4.4D-E-F-J-K-L-P-Q-R-V-W-X). In the present paper,
prediction maps are presented associated with aborder indicating the colour corresponding
to the expected values, i.e., the colour that the ROl should have if the prediction had no error.
This visualisation is aimed at facilitating map interpretation, making it intuitive. Specifically,
the more the inner colour matches the border, the more accurate the prediction is;
conversely, when the map colour does not match the border, it reflects poor prediction
performances of the model. In the case of the CLS model, a comparison of the colour of
each ROI with its border indicates that the height of the polymer facing the detector is
overestimated across the entire range. Furthermore, an increased level of noise is evident
in the external test set samples, attributable to the different printing pattern. This
observation confirms the findings reported in PCA. Moreover, also in this case the results
obtained with the two instruments are found to be highly similar, thereby confirming the
robustness and reproducibility of the approach.

The use of CLS for deconvolution serves to substantiate the notion that NIR radiation is
indeed capable of penetrating the matter, as already underlined by means of PCA. Itis also
noteworthy that the penetration of NIR-HSI is characterised by a non-linear behaviour in
relation to component height, a phenomenon that cannot be accurately accounted for by
unsupervised chemometric strategies, which do not consider this additional information
during the process of model calibration. Consequently, the subsequent step was to
implement supervised regression approaches in order to enhance the understanding of
radiation penetration.

4.1.2.5 Regression

Regression was employed to determine whether the flattening tendency observed in
PCA and PLS could be attributed to a lack of penetration after approximately 6 mm, or rather
if, directing the model toward the desired information by means of a response variable,
scattering and other confounding effects could be successfully neglected, enhancing the
chemical information derived from the deepest layers. It is important to note that, in this
case study, regression techniques were not utilised to obtain a robust prediction model to
be applied in real case scenarios. Instead, these techniques were here exploited to
ascertain whether precise and accurate predictions could be made, with the understanding
that an ability to achieve both precise and accurate predictions must be the consequence
of NIR radiation penetration to the considered depth.
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4.1.2.5.1PLS

First, a PLS regression model was calibrated on the training set with the pixel-based
approach, and the results are presented in Figure 4.5. The number of latent variables for
each model was selected based on the RMSECV, with the number of latent variables
corresponding to a local minimum or, if the minimum was not present, to the point where
RMSECYV stabilised, as can be visually observed in Figure 4.5A, E, | and M. The number of
selected latent variables for each modelis reported in Table 4.1.

Model training produced slightly better results for the PLA-UP configuration than the
PETG-UP one, with lower RMSECV, as can be observed from the predicted versus measured
plotin Figure 4.5B, F, J, and N. This finding corroborates the earlier hypothesis of a deeper
penetration in PLA compared to PETG, thereby sustaining the theory that NIR radiation
penetration is material-dependent. Furthermore, while the PLA-UP model exhibited a
satisfactory linear trend along the whole calibration range (Figure 4.5B and F), PETG-UP
presented a slight flattening when the polymer height exceeded 7 mm. This trend, though
less pronounced, confirms the findings of PCA and CLS, thereby suggesting that, in PETG,
penetration may indeed be limited at approximately 7 mm. In contrast, PLS regression could
extract information from the deepest layers for the samples in the PLA-UP configuration.
This finding provides support for the hypothesis that at least some component of the non-
linearity observed with the unsupervised methods was resulting from scattering
phenomena. The improvement in model performances provided by the use of PLS
regression can be confirmed observing the prediction maps of the training set, in Figure
4.5D, H, L and P. Indeed, when comparing the ROls colour to the border, good match could
be observed along most of the training set. This demonstrates that the use of supervised
regression was indeed able to account for most of the non-linear behaviour observed with
unsupervised strategies.

When examining the VIP scores derived from the PLS regression, it was possible to
individuate some discrepancies between the descriptors involved in the model for PETG-UP
(Figure 4.5C and K) when compared to the ones for PLA-UP (Figure 4.5G and O). This finding
disagrees with what commented from the PCA loadings, which exhibited nearly identical
shapes for the two configurations. In particular, a region around 1350 nm showed higher VIP
scores in the PETG-UP configuration, while the 1600-1700 nm range had a slightly higher
weight in the PLA-UP model. Additionally, a contribution from the 2050-2150 nm range,
slightly more significant for PETG-UP, could be identified. These observations were strongly
consistent between instruments, with the VIPs obtained from the HySpex and Specim
apparatuses being indiscernible and supporting the robustness of the conclusions. These
slight differences between VIP scores, therefore, demonstrate the superiority of the
regression approach in identifying slight differences between configurations, thus better
describing the samples.
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Figure 4.5: PLS regression results for HySpex (from A to H) and Specim (form | to P) data for

PETG-UP (from Ato D and form I to L) or PLA-UP (from E to H and from M to P). RMSEC and

RMSECYV plotted against number of latent variables (A, E, I, M), predicted versus measured
plots for the training set (B, F, J, N), VIP profiles (C, G, K, O), and prediction maps for the
training set (D, H, L, P) are reported. Each prediction map is reported with a border which
represents the colour the corresponding ROl should have if its prediction error was null.
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The findings pertaining to the training set were subsequently corroborated when the
internal and externaltest sets were projected in the calibration space. The prediction results
are displayed in Figure 4.6.

In particular, when the predicted versus measured plot for the internal test set is
considered (Figure 4.6A, D, G, J), the expected flattening could be observed for PETG-UP,
while this was not evident for PLA-UP. In general, predictions for both the test sets could be
regarded as satisfactory (RMSE < 10% range), as sustained both by the visual indication
provided by the prediction maps (Figure 4.6 B, C, E, F, H, I, K, L) and by RMSEPs reported in
Table 4.1. The internal test set presented lower noise in comparison to the external test set,
as visually illustrated from the prediction maps.

However, the RMSEP behaviour exhibited differences between PETG-UP and PLA-UP. In
the case of PETG-UP, RMSEP was higher for the internal test set compared to the external
test set, while this behaviour was reversed for PLA. This finding may be connected to a higher
penetration through the external test set samples, as previously hypothesised from CLS
results. Indeed, in the case of PETG-UP, the higher penetration of radiation through the
external test set samples may have corrected for the flattening observed in the training and
internal sets, thus improving the prediction. Conversely, for PLA-UP the heightened
penetration of NIR radiation through the printing pattern of the external test set samples
became inconsequential, as this polymer presented good penetration capabilities, i.e.,
linearity, along the whole range. In this instance, the different printing pattern of the external
test set may have been responsible for the increased noise, without gaining much in terms
of penetration and linear fitting, thus increasing the prediction error. These observations
provided further evidence for the hypothesis that NIR radiation penetration is dependent on
complex physical phenomena in addition to chemical information.

Additionally, some discrepancies between the results obtained from Specim and
HySpex, which were not identified through the chemometric treatments applied before,
were revealed in PLS. While the aforementioned similarities and differences remained
constant, thereby maintaining the provided interpretation, the values of RMSE proved to be
more satisfactory for the HySpex models in comparison to the Specim ones, as evidenced
in Table 4.1. Furthermore, Specim models were characterised by increased levels of
complexity. However, these different performances were likely not attributable to an
instrumental disparity, but rather to the different lamp intensity levels employed in the two
instrumental setups. Indeed, the lamps coupled to the HySpex apparatus presented higher
power compared to the ones coupled to the Specim one, suggesting that the stronger
illumination may be the cause for the increased penetration evidenced by the improved
performances of the models.
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Figure 4.6: Prediction results for HySpex (from A to F) and Specim (form G to L) data for
PETG-UP (A, B, C, G, H, |) or PLA-UP (D, E, F, J, K, L). Predicted versus measured plots for
the internal test set (A, D, G, J), prediction maps for the internal test set (B, E, H, K), and
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Table 4.1: Summary of the statistics calculated for the PLS and CNN models for training
set, cross- validation, internal test set and external test set. The models for either PETG-UP
or PLA-UP are reported.

PETG-up PLA-up
Training Cross- Internal | External | Training Cross- Internal | External
set validation | testset | testset set validation | testset | testset
- RMSE 0.64 0.77 0.79 0.56 0.52 0.68 0.49 0.56
T Bias 0 0.02 0.31 -0.05 0 0.004 0.10 -0.16
I LVs 6 - - - 5 - - -
»
E o | RMSE 0.18 - 0.24 0.72 0.14 - 0.16 0.70
Z
z Bias 0.002 - 0.01 -0.58 -0.01 - 0.01 -0.52
- RMSE 0.62 1.08 0.94 0.84 0.53 0.75 0.55 0.76
I Bias 0 -0.10 -0.16 -0.30 0 0.02 0.07 -0.26
& LVs 10 - - - 7 - - -
8
E' 2 RMSE 0.16 - 0.73 0.50 0.12 - 0.60 1.04
z Bias 0.007 - -0.56 -0.20 0 - -0.35 -0.78

However, PLS regression was deemed insufficient to completely rule out the possibility
that NIR radiation was penetrating also through PETG along the entire range. Indeed, as PLS
regression is a linear method, it is possible that it is unable to account completely for non-
linear behaviours in the data. The use of a suitable nonlinear regression technique is
therefore warranted to determine whether penetration through PETG occurs. Consequently,
CNN were implemented to capture complex spectral-structural interactions and to further
improve predictive accuracy.

4.1.2.5.2 CNN

Finally, a CNN model was calibrated on the training set pixel spectra, and the results are
reported in Figure 4.7 and in Table 4.1. When the predicted versus measured plots of the
models referred to PETG-UP (Figure 4.7A and E) were considered, the flattening trend
previously observed was no longer evident. Training performances for the two polymers
were indeed comparable, thus suggesting that CNN, given its capability to deal with non-
linearity, was able to adequately describe penetration in both materials. The goodness of
the training process could also be substantiated by the prediction maps (Figure 4.7B, D, F,
H), which demonstrated an almost perfect congruence between the ROIs predicted colour
and the expected value, as represented by the border.
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Afterwards, the pixel images of the internal and external test sets were predicted with
the developed model, and the results are displayed in Figure 4.8. The prediction outcomes
corroborated what already observed in the training set. Indeed, both the internal and
external test sets showed a satisfactory alignment with the regression line, without
discernible flattening. Moreover, from Table 4.1 it was possible to observe that the internal
test set consistently exhibited superior performances if compared to the external test set.
This suggests that the differences in printing patterns played a substantial role in the
prediction process.

Furthermore, the models also demonstrated a moderate degree of overfitting, with
RMSEC almost 4 times lower that the RMSEPgx. This observation highlights the model’s
efficacy in describing samples similar to the training set, such as those from the internal test
set, while its limitations become evident when attempting to describe samples that exhibit
distinct physical characteristics, such as those from the external test set. This outcome may
be at least in part connected to the use of the pixel-based approach, which considers all
pixels as individual samples, for model training. Indeed, while this approach is mandatory
for CNN training, which requires a high amount of data to be robustly calibrated, it may
introduce a certain degree of overfitting in the resulting models. An analysis of the predicted
versus measured plots of the external test set (Figure 4.8B, F, J, N) revealed a systematic
underestimation of top-polymer height by the model. This feature may be connected to the
heightened penetration in this type of samples, as previously suggested on several
occasionsinthe text. Indeed, higher penetration would lead to anincreased presence of the
signature of the polymer at the bottom, thus leading to a systematic underestimation of the
polymer facing the detector.

However, a comparison between the polymers is rendered challenging by the fact that
some discrepancies could in this case be observed between HySpex and Specim results. In
particular, while the two instruments demonstrated comparable performances for the
PETG-UP configuration, the performances for PLA-UP were significantly worse when
assessed by means of the Specim apparatus. This outcome might again be ascribable to the
different light intensities of the two instrumental settings; nevertheless, further research is
necessary to substantiate this hypothesis.

In summary, the use of CNN was instrumental to demonstrate the capability of NIR
radiation to penetrate through at least 1 cm in both the studied polymers, confirming that
the phenomenon is characterised by a complex behaviour entailing a non-linear trend in the
deepest layers. Indeed, the models, though slightly overfitted, enabled the resolution of the
flattening individuated in all the other chemometric treatments applied, suggesting that,
with the help of appropriate non-linear methods, penetration could be described even
within deeper strata.
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Figure 4.8: CNN regression results for HySpex (from A to H) and Specim (from I to P) data
for PETG-UP (from A to D and from I to L) or PLA-UP (from E to H and from M to P). Predicted
versus measured plots for the internal test set (A, E, I, M), predicted versus measured plots
for the external test set (B, F, J, N), prediction maps for the internal test set (C, G, K, O), and

prediction maps for the external test set (D, H, L, P).
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4.1.3 Materials and methods

4.1.3.1 Samples production

In-house stratified samples were printed using an Original Prusa i3 MK3S + MMU3 3D
printer (Prusa Research a.s., Prague, Czech Republic), coupled with the PrusaSlicer-2.9.2
software for slicing and assembling the samples. All projects were realised in the
OpenSCAD 2021.01 environment.

The printing materials (Prusament by Prusa Research a.s., Prague, Czech Republic) were
acquired as spools with a filament diameter of 1.75 £ 0.02 mm. Two different polymers were
usedto produce the samples: polylactic acid (PLATransparent, 1 kg spool) and polyethylene
terephthalate glycol (Transparent PETG Clear, 1.038 kg spool). These two polymers were
chosen after preliminary spectral analysis on all the available options for their ease in
printing and for their distinct spectral signatures in the NIR range.

4.1.3.2 Samples acquisition

NIR-HSI images were acquired using two different push-broom short-wave infrared
hyperspectral imaging systems, which exhibited similar configurations (see Figure 4.1C).

In particular, the first instrument utilised was a SWIR3 hyperspectral camera from
Specim (Spectral Imaging Ltd., Oulu, Finland), while the second was a SWIR-384
hyperspectral camera from HySpex (NEO HySpex, Oslo, Norway). Both instruments
operated within the 960-2500 nm spectral range and were equipped with the same MCT
(mercury-cadmium-tellurium) sensor with cooling down to 150 K, characterised by 384
spatial pixels (horizontal line array) and 288 spectral channels (FWHM = 5.5 nm). The first
camera mounted an OLES15 lens, while the second camera mounted a SWIR-320/384
close-up 30cm lens assembly, positioned at a distance of 20.0 and 17.6 cm from the
samples, respectively. The samples were illuminated with six tungsten halogen lamps
(Osram, Styria, Austria) (12V, 35W, 2900 K, 430 Lm) in the firstinstrument, while the second
instrumentwas equipped with four tungsten halogen lamps cover the spectral range 400 nm
to 2500 nm (12 V, 150 W, 3100 K, 600 Lm), custom-made at HySpex (NEO HySpex, Oslo,
Norway). In both cases, the lamps were positioned at a 45° angle, approximately 25 cm from
the samples, with half of the lamps situated in front and the other half situated behind the
samples. The image acquisition parameters in the Specim system were configured as
follows: exposure time of 6 ms, frame rate of 70 Hz, scanning speed of 28.2 mm/s.
Conversely, in the HySpex configuration, the exposure time was fixed at 4.8 ms, while the
frame rate and a scanning speed were setto 185 Hz and 728 mm/s, respectively. Exposure
times and frame rates were set for both instruments with the goal of maximising signal
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intensity while avoiding pixel saturation. The differences in the resulting exposure times and
frame rates are connected to differences in lens’ field of view (50 mm for Specim, 30 mm for
HySpex), with consequent differences in magnification, and to the discrepancies in lamp
intensities. With the described conditions, the resulting pixel sizes were approximately 0.4
and 0.2 mm for the Specim and HySpex spectrometers, respectively; the Lumo Scanner V.
2.6 software (Specim, Spectral Imaging Ltd., Oulu, Finland) and HySpex Ground Software
v4.9.3.8 (NEO HySpex, Oslo, Norway), respectively, were utilised to regulate the system.

Prior to the acquisition of sample images, both instruments acquired a white reference
image (W) (99% reflectance Spectralon®). Additionally, the Specim instrument captured a
dark image (D) (closed shutter), while the HySpex instrument automatically subtracted a
dark signal from all images. Accordingly, the reflectance of each pixel was computed as
delineated in Equation 4.1 and Equation 4.2 for the Specim and HySpex data sets,
respectively.

IﬂSample —Iap
R)lSp == (4.1)
Aw ADp
IﬂSample
Rays = I (4.2)

where R/‘lsp and R, ¢ are the reflectance values calculated for each wavelength for the

Specim and HySpex instruments, respectively, is the intensity for each wavelength

I)lSample
of the profile recorder for the sample, I,  is the intensity for each wavelength of the profile
recorded with the closed shutter, and [, is the intensity for each wavelength of the profile

recorded for the white Spectralon reference.

For data acquisition, samples were located on the instruments’ moving stage with the
PETG surface oriented towards the detector. This configuration is referred to as PETG-UP
throughout the text. Subsequently, the samples were upturned, and the data acquisition
was repeated, with the PLA surface facing the detector. This configuration will be referred to
as PLA-UP in the text.

The focal point of the instrument was recalibrated to align with the lowermost layer of
the samples. However, the field of view of the two instruments was sufficiently broad to
ensure good focus on the uppermost portion of the samples as well. Initially, images were
acquired for the set comprising the twenty-one cubes, which were analysed subsequently
in accordance with the increasing height of the polymer facing the detector. This set of
images is referred to as the “training set” throughout the text. In the subsequent phase, eight
randomly selected cubes were subjected to imaging, with the images being captured in
random order. This set of images is referred to as the “internal test set” throughout the text.
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Finally, the set containing the four cylindric samples was analysed, again following the order
of increasing top-polymer height. This set of images is referred to as the “external test set”
in the text. The polymers’ height in the samples of each set is detailed in Table 4.2.

This acquisition protocol ensured the production of three independent sets of images
with defined roles in the subsequent chemometric treatment. In particular, the training set
image will be used in allmodel development steps. The two testimages will instead be used
in model validation. In particular, the internal test set, including a subset of the samples of
the training samples but in random order, serves as a first check for model adequacy, while
the external test set, being composed of new samples in terms of printing properties and
shapes, represents a true independent set to be used for overfitting evaluation and general
performance testing, with the additional goal of evaluating the effect of physical properties
on NIR radiation penetration depth.

Table 4.2: Details of sample types, sample numbers, polymer layer heights, ROl size and
matrix dimension for training set, internal test set and external test set.

Total number of
Sample Number 'Sample layer ROl size (pixel) '
tvpe of height (PLA-PETG, pixels
yp samples mm) Specim | HySpex | Specim | HySpex
0-10, 0.5-9.5, 1-9,
1.5-8.5, 2-8, 2.5-
7.5,3-7,3.5-6.5, 4-
Training | o hes 21 6,4.55.5,55,55 1o16 | 26x26 | 5376 | 14196
set 4.5, 6-4,6.5-3.5, 7-
3,7.5-2.5, 8-2, 8.5-
1.5, 9-1, 9.5-0.5,
10-0
4.5-5.5,1.5-8.5, 8-
Internal
Cubes 8 2,0.5-9.5,3-7,9-1, | 16x16 26x26 2048 5408
test set
2.5-7.5,6.5-3.5
Ext L
xerna Cylinders 4 2-8, 4-6, 6-4, 8-2 16x16 22x22 1024 1936
test set

4.1.3.3 Data processing

All data pre-processing and chemometric analyses were carried out using the
PLS_Toolbox 9.5 software (Eigenvector Research Inc., Manson, WA, USA) and in-house
scripts developed either under the MATLAB® environment, version R2024b (The MathWorks,
Natick, MA, USA) and under the Python environment, version 3.12.7 (Python Software
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Foundation, Wilmington, DE, USA). All the steps detailed in the following sections were
performed in parallel for both instruments and for the two configurations PETG-UP and PLA-
UP.

4.1.3.3.1 Masking and segmenting

The first step of image processing consisted in sample masking and background
removal. To this aim, a PCA model was calculated on each image, using mean centering as
the pre-processing method. All the pixels with principal component two (PC2) score values
below 1 were removed, since they were attributable to the tray on which the samples were
placed during analysis. This process was automated and repeated across all images.

Afterwards, smaller regions of interest (ROls) were selected on each sample, to remove
the effect of sample borders, which suffer from high scattering and are characterised by a
different printing pattern. In particular, square 16x16 pixels ROls were extracted from each
sample for Specim data and 26x26 ROls were extracted for the training and internal test sets
for HySpex data, while 22x22 pixels ROls were extracted for the external test set. The
obtained regions of interest were then concatenated to obtain a separate matrix containing
all samples for each of the sets. Details on the dimensions of each matrix can be found in
Table 4.2.

The data processing pipeline is reported in Figure 4.9.

’,.m,m-yﬁz = Data matrix
ROl selection //%Z{/ﬂ
//f ////7/4{

<
o L
. o ==
5 o .
2 Principal Partial least
X component squares
analysis
HSI data cube
Spectral Classical least Artificial neural
interpretation squares networks

Figure 4.9: Schematic representation of the data processing pipeline.
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4.1.3.3.2 Exploratory analysis

Initially, pixel spectra from each ROl were averaged, and an average signal representing
each sample was obtained. This was done following an object-based approach [58], with
the objective of enhancing graph readability and data interpretability. The obtained spectra
were plotted in their raw form or pre-processed by means of SNV transformation [120]. The
evolution of spectral signatures in relation to polymer height was evaluated.

Subsequently, all pixels from the ROIls were submitted to further data analysis,
employing a pixel-based approach [58,250]. In this case study, the pixel-based approach
was preferred since the samples were produced with an accurate 3D printing technique that
guaranteed uniform polymer height across the sample section (uncertainty = £0.1 mm).
Each pixel could thus be regarded as an independent sample. Consequently, the use of the
pixel-based approach was adopted to increase the sampling size.

The training set was then subjected to PCA [66]. In this step, different pre-processing
techniques were employed to minimise unwanted scattering effects while enhancing the
information regarding polymer height. The selected pre-processing scheme entailed a
combination of Savitzky-Golay first-order differentiation (third-order polynomial, window
size of 9 points) [132] followed by SNV transform. This pre-processing was applied in all
subsequent processing steps. After pre-processing selection, the scores from PC1 were
utilised to reconstruct the sample image, thereby yielding a single layer score image with
pixel colour representing its score value. The score image was instrumental to identify the
main sources of variability and to provide insights into the relationship between score values
and polymer height. Furthermore, loading plots were extracted and compared to what
observed in the object-based spectra. Afterwards, the internal and external test sets were
projected into the training set’s principal components space, and score images were
obtained and analysed for those sets as well. The projection was carried out by subtracting
from the test set data the training set average signal, i.e. centering the test set data
according to the training set, and then by multiplying the training loading values to the
spectra of the test sets, thus obtaining score values for the test sets. Score images were
then produced for the test sets data as well.

4.1.3.3.3 Quantitative analysis

Next, the pre-processed spectra from all sets underwent classical least squares (CLS)
[251,252] analysis, also known as ordinary least squares (OLS), for spectral linear unmixing.
In particular, the CLS technique was employed to extract a predicted height of the two
polymers by multiplying the spectra matrix with the Moore-Penrose pseudoinverse of the
pure-component spectra [253,254]. The pure-components were represented by the mean

170



spectrum of the two single-material cubes. The predicted height of the polymer facing the
detector for each pixel was compared with the known polymer height in the considered
sample, and the deviation from the real value was calculated in terms of root mean square
error (RMSE). Then, the polymer height estimated by the model was encoded with a colour
scale from blue to red, and used to reconstruct the image, obtaining a prediction image. In
order to facilitate the comparison of the prediction image with the expected value, each ROI
image was represented with a border representing the colour the ROI should have if the
prediction had an RMSE of 0. In other words, the more the inner colour visually matches the
border colour, the more precise the prediction is.

Subsequently, two regression models were fit on the training set to obtain a model
capable of predicting the height in millimetres of the polymer facing the detector. In this
case, the X data matrix was represented by the pixel spectra, while the Y data matrix, which
served as a reference for the regression calculation, corresponded to the top-polymer
height in millimetres.

The first of the two applied techniques was a linear regression approach, ji.e. PLS
[65,135]. The modelwas cross-validated using a leave-one-level-out approach [96,250], i.e.,
the cross-validation scheme was designed in order to remove from each iteration one entire
ROI representing a specific Y value and use it for prediction. This strategy circumvents the
potential issue of duplicate samples in the calibration and cross-validation sets, thereby
ensuring a more reliable estimate of prediction error (RMSEP) through RMSE in cross-
validation (RMSECV). The number of significant latent variables (LVs) was determined based
on RMSECV, and the associated regression vectors and variable importance in projection
(VIPs) were considered for spectral interpretation. To assess the model’s performance,
additional quality parameters, namely bias, were computed. After model training, the
internal and external test sets were projected into the PLS space, and a predicted height was
stored for each pixel. This predicted height was then used to plot single-layer images
representing the predicted polymer height for each pixel. As previously detailed for the CLS
approach, prediction maps were represented with a border showcasing the colour the ROI
should present if the prediction error was null.

The second regression approach employed was non-linear, namely CNN [255,256]. In
this case, data were pre-processed by SNV transform only prior to model training, since
most of the pre-processing steps can be dealt with by convolutional layers themselves
[257,258]. The network structure was optimised to guarantee robustness and repeatability,
and it consisted of three convolutional layers followed by three fully connected layers. The
connection between subsequent layers was regulated by the ReLU function [259], and the
Adam optimiser [260] from the Python Torch library was chosen for backpropagation and
weight optimisation, with mean squared error (MSE) as loss function. Validation along
model training was done on a random subset selected from the training set by means of the
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DatalLoader function from the Torch library and a batch size of 200. The number of epochs
was set to 70, and the learning rate was gradually adjusted during the training process by
means of a scheduler function. This allows to start with a higher learning rate, in this case
0.001, which was then reduced while the model gets fine-tuned, allowing a drastic reduction
in the number of epochs needed for model training, and subsequently reducing the
computational burden, while increasing robustness. The amount of learning rate
adjustmentis regulated by a factor, gamma, that may range from 0to 1 and was setto 0.6 in
this case. To account for randomness in CNN training [258], where the final model depends
on a random seed and therefore provides slightly different performances each time a new
model is trained, five models were trained consecutively for each configuration and then
tested on an optimisation set, consisting of a replicate of the training setimage with polymer
height ranging from 0.5 to 9.5 mm, i.e. excluding the pure samples. The model yielding the
best prediction results on the optimisation set was then selected and used in the
subsequent prediction steps.

After training, the regression models were used to predict the height of the polymer
facing the detector for the internal and external test sets. The predicted heights were used
to generate prediction maps, where the border delineated the actual sample height, as
previously illustrated for the CLS approach.
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4.1.4 Conclusions

This study establishes a comprehensive framework for the quantitative assessment of
NIR radiation penetration in hyperspectral imaging, thanks to the implementation of
appropriate chemometric approaches to disentangle and model subsurface information. By
integrating PCA, CLS, and PLS regression with CNN, the research demonstrates that
spectral sighals can be detected from layers located up to approximately 1 cm beneath the
surface in both PETG and PLA. Importantly, penetration depth was shown to strongly depend
on the interplay between material-specific optical properties (chemical composition,
morphology, printing pattern) and instrumental parameters (illumination intensity,
configuration), rather than being a fixed characteristic. CNN-based models, in particular,
revealed non-linear penetration behaviour, confirming and extending the information
derived from linear methods, thanks to their data-driven and versatile nature.

Rather than defining a fixed penetration limit, the present framework provides a
quantitative methodology for assessing how NIR radiation interacts with stratified media.
The results highlight that NIR-HSI spectra may include contributions from layers
significantly deeper than usually assumed, possibly exceeding 1 cm, emphasising the need
for careful data interpretation and spectral unmixing in real-world applications.

Looking ahead, applying this framework to thicker and more complex multicomponent
samples will be essential to delineate the ultimate boundaries of NIR-HSI penetration and
to further explore the non-linear interplay between optical, structural, and instrumental
variables. Additionally, a systematic evaluation of wavelength-dependent effects will shed
light on how different energy regions influence penetration and information retrieval.

Taken together, the present study redefines the conventional understanding of NIR-HSI
as a surface analysis method, demonstrating its potential to evolve into a depth-resolved
analytical and tomographic tool. The proposed framework for non-destructive, material-
specific analysis of penetration for complex samples, paves the way for novel applications
of NIR-HSI in quality control, materials design, and non-destructive testing of complex
multilayer systems, thereby setting the stage for the next generation of spectral imaging
methodologies.
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5 GENERAL CONCLUSIONS

The present doctoral thesis is grounded in a central conviction: that the limitations
traditionally attributed to near-infrared (NIR) spectroscopy are not intrinsic to the technique
itself, but rather to the way its data have historically been interpreted and exploited. In a
scientific and technological landscape increasingly defined by complexity, speed, and
multidimensionality, spectroscopy cannot remain confined within static or reductionist
interpretative frameworks. Instead, it must be approached through methods capable of
embracing both its data richness and the physical phenomena underlying signal generation.

Starting from this premise, the present work investigates NIR spectroscopy not as a
secondary or supporting technique, but as a versatile, information-dense analytical
platform whose full potential emerges when it is integrated with advanced multivariate and
data-driven approaches, and when it is applied beyond conventional domains. Through a
combination of conceptual considerations, systematic experimentation, and
methodological innovation, this thesis contributes to a shift in perspective: from NIR as a
quick sensor to NIR as a sophisticated, multidimensional and, in some contexts, even
transformative analytical tool.

One of the objectives of this work, as outlined in the introductory chapter, was to
challenge the hierarchical perception that often governs the choice of spectroscopic
techniques. In many applied studies, UV-Vis, Raman, and IR/NIR spectroscopy are
positioned in a competitive framework, where the “best-performing” technique is selected
and the others discarded. However, this mindset risks overlooking the fact that each type of
spectroscopy probes matter through fundamentally different physical interactions, and
therefore encodes distinct, yet complementary, layers of information.

The forensic case studies discussed in Chapter 2 provide a concrete demonstration of
this principle. By directly comparing NIR with UV-Vis and Raman spectroscopies in the
context of bloodstains ageing, this work showed that the techniques do not merely differ in
performance, butin the way they respond to changes in sample deposition and interact with
the sample matrix.

In detail, the critical comparison between NIR and UV-Vis presented in Section 2.1
demonstrated the potential of the combination of techniques through data fusion. In
particular, regression results individuated UV-Vis as the technique yielding the best
prediction performances, displaying lower error rates. However, while these results would
have been deemed enough in most previous literature reports focused on method
comparison, in this thesis the evaluation was taken forward, combining techniques by
means of data fusion. The results showed an increase in prediction accuracy when NIR and
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UV-Vis were combined with a mid-level fusion approach. This underscores what was
suggested in Chapter 1, i.e., that often choosing the “best-performing” technique for an
application may not be the final answer to the performances’ optimisation problem. In fact,
the results of this study demonstrate that combining two techniques, even with apparently
different performances, may anyway lead to improved prediction accuracy. This suggests
that integration of more spectroscopic techniques in a multiplatform approach may be
beneficial in several applications, allowing a comprehensive exploitation of
electromagnetic radiation-matter interaction, drawing different information from each
technique.

Similarly, Section 2.2 applied NIR and Raman spectroscopies in parallel to evaluate the
response of bloodstain ageing to different environmental conditions and deposition
substrates. In this case, forinstance, NIR proved particularly good for absorbing substrates
such as cotton, while Raman performed more consistently on highly reflective or non-
absorbing surfaces such as glass and metal. Rather than indicating a general superiority of
one technique over the other, these results once again highlight the complementarity of
their analytical spaces. At the same time, the systematic Design of Experiments (DoE)
approach and the application of RMANOVA allowed an unprecedented deconvolution of the
factors influencing bloodstain ageing. Substrate, temperature, humidity, and illumination
were demonstrated to be statistically significant, with substrate emerging as a central, often
underestimated, driver of spectral evolution. This finding carries a strong practical and
conceptual implication: forensic models must be built and validated in strict coherence
with the real conditions of evidence deposition. At the same time, it also reinforces a more
general message of this thesis: spectroscopic data cannot be interpreted in isolation from
their physical and environmental context.

The findings from Chapter 2, condensed, enabled the proposal of comprehensive
practical guidelines to be proposed to forensic practitioners. This result represents a major
advancement for the forensic context, where the availability of recognised guidelines is
imperative for the implementation of any procedure in real-case scenarios. Section 2.3 may
therefore represent a first step toward a wider application of spectroscopic bloodstains
dating in court, making for a crucial progress on how this problem is dealt with by
practitioners.

The second major contribution of this thesis lies in exploiting the extension of NIR
spectroscopy from point-based measurements to spatially resolved analyses via HSI. In
Chapter 3, NIR-HSI was applied to the study of dehydration dynamics in epiphytic
communities composed of lichens and bryophytes. This research line moved NIR far beyond
its traditional association with moisture determination, transforming it into a tool for
visualising and quantifying biological processes in space and time. Through the generation
of false-colour PCA score maps and pixel-based water content maps, the work

175



demonstrated that HSI can capture both global temporal trends and fine local
heterogeneities that would be invisible to conventional, spatially averaged spectroscopy.
The results of this study are significant not only for ecological and environmental topics, but
also from a conceptual standpoint. Indeed, they demonstrate that NIR-HSI, when combined
with carefully designed chemometric workflows, is capable of describing dynamic, non-
linear, and spatially complex biological phenomena. This shifts the role of NIR from a
passive observer of bulk composition to an active tool for studying living or semi-living
systems, opening new perspectives in environmental monitoring, plant science, and
ecosystem research, thus fulfilling the second objective of the thesis, as previously outlined
in the Introduction chapter.

Equally or even more important was the methodological contribution associated with
the comparison of image-based and pixel-based approaches. The study demonstrated the
superiorinterpretability of the image-based approach, which provides easily readable score
plots, and, summarising the information into one average signature, enables spectral
interpretation and therefore the description of the processes or samples being described.
On the other hand, the results also pointed out that models trained with a pixel-based
approach better represent the variability of the data, finally yielding more robust prediction
results. Through these results, rather than advocating for a single “optimal” strategy, the
thesis showed that both perspectives reveal different but equally important aspects of the
system under analysis, ultimately demonstrating that a multi-level approach is potentially
the most informative choice. This reinforces the broader philosophical position of the work:
complex analytical reality cannot be compressed into a single representation without loss
of meaning.

Finally, the most original and potentially impactful contribution of this thesis is
presented in Chapter 4, which tackles the third and final objective of the thesis as outlined
in the introduction by addressing one of the most underexplored questions in NIR
hyperspectral imaging, and possibly in NIR research in general: how deeply does NIR
radiation actually penetrate into matter, and what governs this penetration? While the
literature offers scattered and often contradictory estimates of NIR penetration depth, a
systematic, quantitative, and from scratch investigation had been lacking, especially in the
context of HSI.

By designing custom 3D-printed stratified polymer samples with controlled thickness
and composition, this work established the first structured experimental framework to study
NIR-HSI penetration in a reproducible and quantitative manner. The combined use of PCA,
CLS, PLS and CNN allowed the phenomenon to be approached from multiple analytical
angles. Initial PCA results confirmed that spectral information from underlying layers does
influence the measured signal, even when these layers are located several millimetres
beneath the surface. CLS further demonstrated that conventional linear unmixing
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techniques are insufficient to fully disentangle the contributions of deeper strata, especially
when non-linear scattering effects become dominant.

The application of regression techniques, and in particular of convolutional neural
networks, proved crucial to address this topic. Unlike linear methods such as PLS
regression, CNN was able to capture and model the complex, non-linear behaviour of
radiation propagation in stratified materials. The results indicated that, under specific
instrumental configurations, NIR radiation can penetrate up to, or even beyond, 1 cm in
polymeric materials such as polylactic acid (PLA) and polyethylene terephthalate glycol
(PETG). At the same time, the work clearly confirmed that penetration depth is not a
universal constant but a conditional parameter, dependent on material properties,
structural organisation (e.g. printing pattern), radiation wavelength, instrumental
configuration, and source intensity, pointing out that the determination of a global
penetration limit should not be the final research goal.

Rather than proposing a fixed “penetration limit”, this thesis introduces a
methodological framework for assessing penetration in a material-specific and instrument-
specific manner. This is perhaps its most important theoretical contribution: shifting the
question from “How deep does NIR go?” to “Under which conditions, and through which
mechanisms, does NIR propagate within a given system?”. This reframing has direct
consequences for any application of NIR-HSI to layered, heterogeneous or stratified
samples, including in food analysis, cultural heritage, polymer science, and biomedical
fields.

A unifying theme across all chapters of this thesis is an ongoing dialogue between
traditional chemometric philosophy and modern machine learning paradigms. Early
analyses were rooted in PCA, PLS, and variance deconvolution, emphasising interpretability
and physical meaning as a fundamental and indispensable aspect of any data analysis
procedure in analytical chemistry. In later stages, especially in the penetration study, deep
learning approaches were introduced to address non-linearity and data complexity beyond
the reach of classical models. Rather than representing a rupture, this transition was
deliberately conceptualised as an evolution. The strength of chemometrics, i.e., its
grounding in chemical understanding and model transparency, was not abandoned, but
rather it was carried forward into a more data-driven domain.

In particular, the possibility of integrating “classical” chemometric approaches, such as
PLS, with modern deep learning strategies, supports the idea that the two approaches are
not mutually exclusive, but rather can be harmonised to extract the most from each. To give
an explanatory example, in the penetration study, PLS regression enabled, through VIPs
scores interpretation, to confirm a chemistry-rooted behaviour of NIR radiation penetration,
while CNN accounted with higher accuracy for non-linear behaviours. Once again, this
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conclusion follows the fil rouge of the thesis, i.e., that combination, rather choice of an
approach over the other, might be the deal-breaker in model analytical chemistry. In this
sense, the thesis proposes a view of modern analytical chemistry where interpretability and
performance are not mutually exclusive, but can co-evolve through the development of
hybrid approaches that respect both mathematical power and physicochemical meaning.

However, as with any scientific work, the present thesis has limitations that also
represent opportunities for future research.

In the forensic case studies, the use of a limited amount of blood donors reduced the
generalisability of the conclusions regarding subject variability. Expanding the dataset to
include a wider population and more complex deposition scenarios would further
strengthen the robustness of the proposed models.

Inthe environmental study, the complexity of real ecosystems was intentionally reduced
to controlled communities and laboratory conditions. While this choice was necessary for
methodological development, future work should explore the application of NIR-HSI in true
field conditions, where additional variables such as light fluctuation, temperature gradients
and background interference must be addressed.

In the penetration study, although the use of 3D-printed model systems provided
exceptional control and repeatability, real-world materials are often more irregular and
chemically complex. The proposed framework should therefore be extended to
heterogeneous, naturally occurring multilayer systems, including biological tissues,
composite foods, and historical artefacts.

From a methodological standpoint, future research could further explore the integration
of physically informed models with data-driven neural networks, opening the way to a new
generation of “hybrid” chemometric models, capable of both explaining and predicting
complex spectroscopic phenomena.

Taken as a whole, this thesis does not simply present a collection of case studies, but
proposes a coherent, alternative way of thinking about spectroscopy in the modern era. It
argues that analytical power does not lie in the technique alone, but in the relationship
between physics, data, and interpretation. By challenging traditional hierarchies, embracing
multidimensionality, and integrating classical and modern analytical philosophies, this
work contributes to redefining the role of NIR spectroscopy in contemporary science.

In doing so, it places NIR, especially when combined with hyperspectral imaging and
advanced data analysis, not at the margins of analytical chemistry, but at its frontier: as a
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tool capable not only of measuring, but of revealing hidden structures, dynamics and
interactions within complex systems.

Ultimately, the most important outcome of this thesis may not be a specific model or
numerical limit, but a conceptual one: a demonstration that when complexity is approached
with rigor, creativity, and interdisciplinary integration, what once appeared as a limitation
can become a source of profound analytical insight.
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Application of RMANOVA on spectroscopic data to evaluate the effect of
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ageing”) — oral presentation

e 22" |nternational Conference on Near Infrared Spectroscopy (NIR2025), 8-
13/06/2025, Rome (Italy). “Investigating the penetration depth of NIR radiation
through hyperspectral imaging and chemometrics” — poster presentation

e National conference of the Italian Chemical Society (SCI12024), 26-30/08/2024,
Milan (Italy). “The effect of environmental conditions and deposition substrate on
bloodstains ageing: a spectroscopic approach to target a forensic analytical
problem” — poster presentation

e International conference on Spectral Imaging (IASIM2024), 6-10/07/2024, Bilbao
(Spain). “Mapping water patterns during dehydration of nonvascular epiphytic
communities through NIR hyperspectral imaging” — oral presentation

e Nationalltalian conference on Near Infrared Spectroscopy (NIR Italia), 26-
28/06/2024, Turin (ltaly). “Le potenzialita della spettroscopia NIR in chimica

206



forense: la datazione delle macchie di sangue” (Translated title: “The power of NIR
spectroscopy in forensic chemistry: bloodstains dating”) — oral presentation
Italian-French days 2024 (Giornate Italofrancesi della Chimica 2024), 04-
05/04/2024, Turin (ltaly). “Exploiting spectroscopy and chemometrics for
bloodstain dating in forensic chemistry.” — oral presentation

Third European Aquaphotomics Conference (3EAC), 2-4/09/2023, Rome (ltaly).
“NIR hyperspectral imaging for monitoring water patterns during dehydration of
nonvascular epiphytic communities: the power of water absorption bands.” — oral
presentation

21" International Conference on Near Infrared Spectroscopy (NIR2023), 20-
24/08/2023, Innsbruck (Austria). “Bloodstains dating by means of NIR and UV-Vis
spectroscopy — a critical comparison.” — flash oral + poster presentation

COURSES ATTENDED

PrusaSlicer masterclass —beginner to advanced, held online by “Prusa Academy” —
October 2025

“Machine learning with Python” held by prof. Sergey Kucheryavskiy at Aalborg
University (Esbjerg) — October 2024

“Hyperspectral Image Analysis” online course held online by Eigenvector Research
Incorporated — May 2024

“School of Aquaphotomics” organised by the Italian Society or NIR Spectroscopy
(SISNIR) in the context of the 3rd European Aquaphotomics Conference — 15t-2"
September 2023, Rome (ltaly)

“School of Chemometrics — Design of Experiment” organised by the Analytical
Chemistry and Chemometrics group at Universita degli Studi di Genova — 15-19th
May 2023, Genoa (ltaly).

“School of Chemometrics — Multivariate analysis” organised by the Analytical
Chemistry and Chemometrics group at Universita degli Studi di Genova — 16-20th
January 2023, Genoa (Italy).

COLLABORATIONS

Department of Chemistry, University of Turin, Via Pietro Giuria 7, Torino (Italy)
Institute of Forensic Research in Krakow, Westerplatte 9, Krakow (Poland)
Department of Chemistry and Bioscience, Aalborg University, Niels Bohrs Vej 8,
Esbjerg (Denmark)

207



e School of Biosystems and Engineering, University College Dublin, Belfield, Dublin
(Ireland)

208



PUBLICATION LIST

IN PEER-REVIEWED JOURNALS

Related to the PhD topic

1.

Gariglio, S., Malegori, C., Menzyk, A., Zadora, G., Vincenti, M., Casale, M., & Oliveri,
P. (2024). Determination of time since deposition of bloodstains through NIR and UV-
Vis spectroscopy - A critical comparison. Talanta, 278, 126444.
https://doi.org/10.1016/J.TALANTA.2024.126444

Gariglio, S., de Oliveira, R. R., Canali, G., Malegori, C., Malaspina, P., Casale, M,
Oliveri, P., & Giordani, P. (2025). NIR Hyperspectral Imaging Combined with
Chemometrics for Mapping Water Patterns During Dehydration of Nonvascular
Epiphytic  Communities. Journal of Analysis and  Testing, 1-17.
https://doi.org/10.1007/S41664-025-00384-9

Barbera, M., Gariglio, S., Malegori, C., Oliveri, P., Saiano, F., Scalenghe, R., &
Piazzese, D. (2025). Multivariate Strategy for Understanding Soil Features from Rare-
Earth Element Profiles: A Focus on Data Normalization. ACS Measurement Science
Au, 5(2), 189-198. https://doi.org/10.1021/ACSMEASURESCIAU.4C00084

Canali, G., Hurtado, P., Gariglio, S., de Oliveira, R. R., Malegori, C., & Giordani, P.
(2025). How Thermal Patterns Change During Dehydration in Non-Vascular
Epiphytic Communities. Ecology and Evolution, 15(7).
https://doi.org/10.1002/ECE3.71756

Gariglio, S., Malegori, C., Menzyk, A., Zadora, G., Vincenti, M., Casale, M., & Oliveri,
P. (2026). Effect of environmental conditions and deposition substrate on bloodstain
ageing studied by means of Raman and near infrared spectroscopies coupled with
chemometrics. Microchemical Journal, 220, 116381.
https://doi.org/10.1016/).MICROC.2025.116381

Li, Z., Scagliarini, C., Mazzoleni, A., Gariglio, S., Catelli, E., Malegori, C., Prati, S.,
Alladio, E., Sciutto, G., & Oliveri, P. (2026). Exploiting the penetration depth of XRF
and NIR radiation: from 2D to 3D spectral imaging, TrAC Trends in Analytical
Chemistry, 197, 118693. https://doi.org/10.1016/).TRAC.2026.118693

Unrelated to the PhD topic

7.

Manetti, F., David, M. C., Gariglio, S., Consalvo, F., Padovano, M., Scopetti, M.,
Grande, A., & Santurro, A. (2023). Atypical Fentanyl Transdermal Patch
Consumption and Fatalities: Case Report and Literature Review. Toxics, 17(1).
https://doi.org/10.3390/toxics11010046

209


https://doi.org/10.1016/J.TALANTA.2024.126444
https://doi.org/10.1007/S41664-025-00384-9
https://doi.org/10.1021/ACSMEASURESCIAU.4C00084
https://doi.org/10.1002/ECE3.71756
https://doi.org/10.1016/J.MICROC.2025.116381
https://doi.org/10.1016/J.TRAC.2026.118693
https://doi.org/10.3390/toxics11010046

8. Fiore, M., Minni, A., Cavalcanti, L., Raponi, G., Puggioni, G., Mattia, A., Gariglio, S.,
Colizza, A., Meliante, P. G., Zoccali, F., Tarani, L., Barbato, C., Lucarelli, M., Ceci, F.
M., Francati, S., Ferraguti, G., Ceccanti, M., & Petrella, C. (2023). The Impact of
Alcohol Consumption and Oral Microbiota on Upper Aerodigestive Tract
Carcinomas: A Pilot Study. Antioxidants, 12(6).
https://doi.org/10.3390/antiox12061233

9. Gariglio, S., David, M. C., Mattia, A., Consalvo, F., Scopetti, M., Padovano, M.,
D’Errico, S., Morena, D., Frati, P., Santurro, A., & Fineschi, V. (2024). Evaluation of
Spontaneous Overtime Methemoglobin Formation in Post-Mortem Blood Samples
from Real Cases in Critical Storage Conditions. Toxics, 12(9), 670.
https://doi.org/10.3390/toxics12090670

IN NON-PEER REVIEWED JOURNALS

10. Calvini, R., Gariglio, S., Grassi, S., Malegori, C., Casale, M., & Marini, F. (2024).
NIR2025: The 22nd International Conference on Near Infrared Spectroscopy is to be
held in Rome, Italy. NIR News, 35(5-6), 3-3.
https://doi.org/10.1177/09603360241296655

11. Marini, F., Casale, M., Calvini, R., Malegori, C., Gariglio, S., & Grassi, S. (2025).
Highlights from the 22nd International Conference of Near Infrared Spectroscopy -
NIR 2025. NIR News, 0(0), 1-4. https://doi.org/10.1177/09603360251407449

210


https://doi.org/10.3390/antiox12061233
https://doi.org/10.3390/toxics12090670
https://doi.org/10.1177/09603360241296655
https://doi.org/10.1177/09603360251407449

RINGRAZIAMENTI

Chi mi conosce sa che questa € stata probabilmente la pagina piu difficile da scrivere
all’interno di questa tesi di dottorato; non gia per una mancanza di gratitudine, quanto per
la mia difficolta intrinseca nell’esternare sentimenti. Eppure, questa € la chiusura di un
capitolo cruciale della miavita, e so che merita un momento di riflessione e di condivisione
con le persone che lo hanno reso tale.

Se considero la mia carriera accademica e lavorativa in genere, il primo pensiero che mi
viene in mente € quanto io sia stata fortunata. Per molti, il dottorato € un periodo tanto
formativo quanto stressante, frustrante, e spesso solitario. Non per me. | tre anni di
dottorato sono stati probabilmente i piu belli della mia vita, e se € stato cosilo devoin primo
luogo alle mie tutor, Monica e Cristina.

Monica, grazie per la tua umanita e la tua comprensione, e per avermi ricordato, anche
senza saperlo, che una carriera brillante non deve necessariamente annullare tutti gli altri
aspetti di una persona. Grazie per essere sempre stata pronta a sostenermi, sia con le
scadenze burocratiche (con cui so di essere un disastro) sia con U’attenta revisione di tutti i
testi e le presentazioni che ho preparato in questi anni.

Cristina, non saprei scegliere una cosa specifica per cui ringraziarti. Hai creduto in me dal
giorno zero (anzi, forse da prima), mi hai presa con i miei pregi e i miei difetti e mi hai aiutata
a metterein luce i primi e a smussare i secondi, senza mai chiedermi di essere una persona
diversa da quella che sono. Mi hai spinta a mettermi alla prova e superarmi ogni giorno, e so
che se oggi sono dove sono lo devo in buona parte a te, che sei stata sprone ed esempio
negli ultimi tre anni della mia vita, e spero che lo sarai anche negli anni a venire.

Un grazie speciale va anche a Paolo, che, anche se non rientra formalmente tra i tutor, lo
stato di fatto. Grazie per i tuoi validissimi consigli su come muovermi nel mondo
accademico e periltuoincessante impegno nelvalorizzare ilmio lavoro di ricerca attraverso
sfide sempre nuove.

Tra le figure accademiche, la mia gratitudine va anche a tutti i professori internazionali che
hanno supervisionato il mio lavoro con professionalita e attenzione durante i miei periodi
all’estero: il professor Grzegorz Zadora del Centro di Ricerca Forense di Cracovia, la
professoressa Aoife Gowen dello University College Dublin, il professor Sergey
Kucheryavskiy della Alborg University. In particolare, grazie a Sergey per la stima che mi ha
dimostrato durante tutta la nostra collaborazione e per 'impegno che sta ancora mettendo
nel supportarmi nella mia carriera accademica post-dottorato. Menzione speciale anche ad
Alicja Menzyk: anche tu non risulti sulla carta come tutor, ma se ho amato cosi tanto il mio

211



periodo in Polonia € stato soprattutto grazie a te. Ti sono grata per essere qui oggi e per
essere diventata per me piu di una collega (anche se ti rifiuti tassativamente di farti
chiamare amica).

Grazie anche ai miei colleghi, con cui nel tempo ho sviluppato un rapporto di amicizia e che
spero di non perdere dopo la fine di questo percorso. Grazie Riccardo: per la tua simpatia,
la tua emotivita, iltuo essere cosi diverso da me e allo stesso tempo esattamente la persona
di cui avevo bisogno per condividere questo cammino. Non sarebbe stato lo stesso senza di
te. Grazie a Giulia, collega per caso e amica per scelta, e a Michele: siete diventati un
appoggio costante. Grazie anche a Elisa: sei arrivata quasi alla fine dell’avventura, ma ti sei
dimostrata una persona interessante e di grande aiuto. Ti auguro tutto il bene all’inizio di
questo percorso che io sto ora chiudendo. Grazie anche a Giorgia, con la sua umanita,
vitalita e allegria a dispetto di tutto: sei un esempio di resilienza e forza rare. Grazie a tutti
quelli che sono passati per il DIFAR e mi hanno lasciato un pezzetto di sé: Rodrigo, Larissa,
Mateus, Yves.

Grazie a tutti gli altri professori, dottorandi, assegnisti e studenti del DIFAR che hanno in
qualche modo contribuito al mio lavoro e alla mia crescita: Riccardo Leardi, Paolo Giordani,
Raffaella Boggia, Federica Turrini, Emanuele Farinini, Federica Grasso, Valentina Orlandi,
Giulia Ferrari, Rebecca Bassoli, e sicuramente avro dimenticato qualcuno

Menzione d’onore poi per tutti i colleghi che ho conosciuto tramite i convegni, che mi hanno
accolta e accompagnata in questo mondo magico. In particolare, grazie a Elena Cazzaniga,
un’amica di cui non sapevo di avere bisogno.

Ed eccoci giunti alla famiglia. Mamma, papa: mi avete vista nascere, crescere e poi volare.
Sono una figlia testarda e non sempre semplice; grazie per permettermi di essere chi sono
e di scegliere con la mia testa, anche quando faccio U'esatto contrario di cid che mi avevate
consigliato. Grazie per avermi sempre sostenuta durante questi tre anni, per avermi
ascoltato parlare di progetti di ricerca che magari non capivate, per tutti i bagagli trascinati,
gli aerei a cui mi avete accompagnata e le domeniche in cui la mia presenza € stata solo una
faccia in una videochiamata su WhatsApp. Grazie al nonno Gianni: nell’ultimo anno in
particolare sei stato per me un esempio di forza e determinazione, il punto fisso e il volto
sorridente ad accogliermi ogni volta che tornavo dai miei viaggi. Se ¢’é€ una cosa che ho
capito nella vita, & che voglio arrivare alla tua eta con la tua gioia e la tua meraviglia per il
mondo. Grazie anche a nonna Puccia. Anche se non posso abbracciarti oggi, spero tu possa
leggere le mie parole, dovunque tu sia. Sono sicura che anche le tue mani oggi mi
applaudano insieme a quelle di tutti gli altri.

Grazie ad Arianna, cugina, sorella, twin, amica. Spesso ci separano chilometri e mondi, ma
ti ho sempre sentita vicina. Grazie per i tuoi consigli, per essermi venuta a trovare un po’

212



ovungue e per essere sempre qui per me. Grazie anche ad Aurora, la piccola non piu piccola,
con la sua dolcezza, e agli zii, i cugini e i parenti tutti, che sisono sempre interessati alle mie
numerosissime avventure.

Grazie ai miei amici, colonna portante della mia persona. Grazie a Cassy, Eli, Anna e Malvina
per le serate “donne” in videochiamata che mi hanno sempre fatta sentire coinvolta. Grazie
atuttiiragazzidell’Uni per non esserci persi e per continuare afar parte della miavita. Grazie
a Gioppi: da quando ti ho ritrovata la mia vita € piu luminosa. Grazie per esserci sempre e
per trovare tempo per me anche quando passo in Piemonte solo due giorni in un mese.

Per finire, grazie a Kevin, Talos e Tiamat, la mia famigliola genovese. Grazie alle due piccole
belve pelose per il supporto emotivo e per non permettere mai alla vita di diventare noiosa.
Kevin, sei il compagno di vita migliore che si possa desiderare. Grazie per non lamentarti
mai di tutti i miei viaggi, per essere sempre pronto a seguirmi. Tu forse non te ne rendi conto,
ma il tuo supporto incondizionato € cido che piu mi aiuta ad affrontare con il sorriso la
precarieta che mi aspetta in questa carriera che mi sono scelta. Grazie per le chiamate fino
a tarda notte, per tutte le volte che mi hai aiutata con quelle cose burocratiche che tanto mi
stressano, per 'impegno che metti ogni giorno nel coltivare la nostra relazione. Grazie per
la tua profondita emotiva e l'aiuto che mi dai quando non riesco a capire e condividere le
mie emozioni: se sono stata in grado di aprirmi cosi in questi ringraziamenti € anche grazie
a cio che ho imparato da te.

E in ultimo, anche se questo probabilmente infrangera non so quante leggi non scritte dei
ringraziamenti, grazie a me, per aver creduto in me stessa e per essermi rimboccata le
maniche quando & stato necessario.

A un nuovo capitolo, pieno di soddisfazioni come lo & stato questo.

213



ACKNOWLEDGEMENTS

Those who know me are aware that this has probably been the most difficult page to write in
this doctoral thesis; not because of a lack of gratitude, but rather because of my intrinsic
difficulty in expressing emotions. And yet, this marks the closing of a crucial chapter of my
life, and | know it deserves a moment of reflection and sharing with the people who made it
what it was.

When | look back at my academic and professional career as a whole, the first thought that
comes to mind is how fortunate | have been. For many, a PhD is a period that is as formative
as it is stressful, frustrating, and often lonely. Not for me. The three years of my PhD have
probably been the best of my life, and if that is the case, | owe it first and foremost to my
supervisors, Monica and Cristina.

Monica, thank you for your humanity and understanding, and for reminding me, often
without even realising it, that a brilliant career does not necessarily have to erase all other
aspects of a person’s life. Thank you for always being ready to support me, both with
bureaucratic deadlines (which | know | am terrible at) and with the careful revision of all the
texts and presentations | prepared over these years.

Cristina, | would not know how to choose one specific thing to thank you for. You believed in
me from day zero (or perhaps even before), you accepted me with my strengths and my
flaws, and you helped me highlight the former and smooth out the latter, without ever asking
me to be someone different from who | am. You pushed me to challenge myself and to grow
every single day, and | know that if | am where | am today, | owe a large part of it to you. You
have been both a driving force and a role model over the past three years of my life, and |
hope you will continue to be so in the years to come.

A special thank you also goes to Paolo, who, even if not formally listed as a supervisor, truly
was one in practice. Thank you for your invaluable advice on how to navigate the academic
world and for your constant effort to enhance my research work by offering ever new
challenges.

Among the academic figures, | would also like to express my gratitude to all the international
professors who supervised my work with professionalism and care during my periods
abroad: Professor Grzegorz Zadora from the Forensic Research Centre in Krakéw, Professor
Aoife Gowen from University College Dublin, and Professor Sergey Kucheryavskiy from
Aalborg University. In particular, thank you to Sergey for the esteem you have shown me
throughout our collaboration and for the commitment you are still demonstrating in
supporting me in my post-PhD academic career. A special mention also goes to Alicja

214



Menzyk: even if, on paper, you are not listed as a supervisor, the fact that | loved my time in
Poland so much is largely thanks to you. | am grateful to have you here today, and for having
become more than just a colleague to me (even if you firmly refuse to be called a friend).

Thanks also go to my colleagues, with whom over time | have built relationships of friendship
that | hope will continue beyond the end of this journey. Thank you, Riccardo, for your
humour, your emotional openness, and for being so different from me while at the same
time being exactly the person | needed to share this path with. It would not have been the
same without you. Thank you to Giulia, colleague by chance and friend by choice, and to
Michele: you have become a constant source of support. Thank you also to Elisa: you joined
almost at the very end of the adventure, but you proved to be an interesting person and a
great help. | wish you all the best at the beginning of the journey that | am now bringing to a
close. Thank you as well to Giorgia, with her humanity, vitality, and cheerfulness in spite of
everything: you are a rare example of resilience and strength. Thanks to everyone who
passed through DIFAR and left me a small part of themselves: Rodrigo, Larissa, Mateus,
Yves.

Thanks also to all the other professors, PhD students, postdoctoral researchers, and
students at DIFAR who, in one way or another, contributed to my work and to my growth:
Riccardo Leardi, Paolo Giordani, Raffaella Boggia, Federica Turrini, Emanuele Farinini,
Federica Grasso, Valentina Orlandi, Giulia Ferrari, Rebecca Bassoli, and | am sure | have
forgotten someone.

An honourable mention then goes to all the colleagues | met through conferences, who
welcomed me and accompanied me in this fascinating world. In particular, thank you to
Elena Cazzaniga, a friend | did not know | needed.

And here we are, at family. Mum, Dad: you have seen me be born, grow up, and then take
flight. | am a stubborn daughter and not always an easy one; thank you for allowing me to be
who | am and to make my own choices, even when | do exactly the opposite of what you
advised. Thank you for always supporting me over these three years, for listening to me talk
about research projects you might not have fully understood, for all the suitcases you
carried, the flights you took me to, and the Sundays when my presence was reduced to a
face on a WhatsApp video call. Thank you to Nonno Gianni: over the past year in particular,
you have been an example of strength and determination for me, a fixed point and a smiling
face welcoming me every time | returned from my travels. If there is one thing | have learned
in life, itis that | want to reach your age with your joy and your sense of wonder for the world.
Thank you also to Nonna Puccia. Even though | cannot hug you today, | hope you can read
my words, wherever you may be. | am sure that today your hands are applauding together
with everyone else’s.

215



Thank you to Arianna: cousin, sister, twin, friend. Kilometres and worlds often separate us,
but | have always felt you close. Thank you for your advice, for coming to visit me wherever |
was, and for always being there for me. Thank you also to Aurora, the little one who is no
longer so little, with her sweetness, and to all my aunts, uncles, cousins, and relatives, who
have always taken an interest in my countless adventures.

Thank you to my friends, the backbone of who | am. Thank you to Cassy, Eli, Anna, and
Malvina for the “girls’ nights” on video calls that always made me feel included. Thank you
to all my university friends for not losing touch and for continuing to be part of my life. Thank
you, Gioppi: since finding you again, my life has been brighter. Thank you for always being
there, and for making time for me even when | only pass through Piedmont for two days in a
month.

Finally, thank you to Kevin, Talos, and Tiamat, my little Genoese family. Thank you to the two
small furry beasts for the emotional support and for never letting life become boring. Kevin,
you are the best life partner one could wish for. Thank you for never complaining about all
my travels, and for always being ready to follow me. You may not realise it, but your
unconditional support is what most helps me face with a smile the uncertainty that awaits
me in the career | have chosen. Thankyou for the late-night calls, for all the times you helped
me with the bureaucratic matters that stress me so much, and for the effort you put every
day into nurturing our relationship. Thank you for your emotional depth and for the help you
always give me when | struggle to understand and share my emotions: if | have been able to
open up like this in these acknowledgements, it is also thanks to what | have learned from
you.

And lastly, even if this probably breaks more than a few unwritten rules of
acknowledgements, thank you to myself, for believing in myself and for rolling up my sleeves
when it was necessary.

To a new chapter, hopefully as full of fulfilment as this one has been.

216



