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The accurate estimation of bloodstain age is a critical aspect of forensic investigations, providing key insights
into the chronology of events on crime scenes. Numerous techniques have been proposed for time since depo-
sition (TSD) determination, among which spectroscopic approaches offer advantages including rapidity, repro-
ducibility, and non-destructiveness, while maintaining analytical robustness. The present study systematically

RMANOVA . . . . e . 1s . . :
Chemometrics investigates the influence of environmental conditions — temperature, humidity, and illumination — and substrate
Forensics type on bloodstain ageing kinetics using near-infrared (NIR) and Raman spectroscopies. Blood samples were

deposited on four substrates (cotton, polyblend, glass, and metal) and aged under four controlled environmental
conditions over a 12 day period, with repeated spectral measurements at fourteen time points. Partial least
squares (PLS) regression was then employed to extract features representative of temporal evolution. Finally,
regularised multivariate analysis of variance (RMANOVA) was used to quantify the effects of factors and their
interactions. Substrate type emerged as the primary determinant of spectral variability, significantly affecting
both NIR and Raman signals, while environmental conditions notably modulated ageing kinetics, with the
combination of temperature and humidity exerting a greater influence on Raman measurements and illumination
predominantly affecting NIR spectra. Interactions between factors were also significant, highlighting the
complexity of bloodstain degradation. Comparisons with a dummy factor representing donor variability indi-
cated that substrate and environmental conditions outweigh biological variability. These findings underscore the
necessity of accounting for deposition surface and environmental conditions when developing predictive models
for bloodstain dating, and suggest that robust dating may be achievable even with unknown donors, provided
that experimental conditions are properly replicated.

1. Introduction

Blood has long been recognized as crucial evidence in forensic sci-
ence and its importance has grown even further in recent decades due to
significant advancements in DNA extraction, amplification, and
sequencing [1]. Over the past 15-20 years, researchers have also
directed their attention towards estimating the age of bloodstains.
Determining the time since deposition (TSD) of bloodstains is, in fact, a
critical aspect of forensic practice, as it provides valuable insights into
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the chronology of events at a crime scene. Specifically, it can help
establish the time frame in which a offense was committed or determine
whether a blood trace from a suspect was created before, during, or after
the criminal event. Consequently, it could aid prosecutors in assessing
the innocence or culpability of a suspect [2].

Several approaches have been proposed to address this issue,
including quantification of RNA degradation [3,4], evaluation of
aspartic acid racemization rate [5], study of the circadian hormones [6],
assessment of enzyme activity [7], and measurement of fluorescence
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lifetime [8,9]. Various analytical techniques have been employed to
identify an applicable method for estimating the age of bloodstains, such
as high-performance liquid chromatography [10,11], electron para-
magnetic resonance [12], immunoelectrophoresis [13], and atomic
force microscopy [14]. However, all these techniques are often time-
consuming and require sample preparation, which can lead to the
destruction of the specimen. Consequently, they are suboptimal for the
forensic practice, which demands timely, on-scene, and repeatable
analysis. In this context, spectroscopic techniques offer significant ad-
vantages: they are fast, reproducible, non-contact, and non-destructive.
Moreover, they can also be portable to some extent and research is
rapidly advancing in this direction. The potential of several spectros-
copies has been thoroughly reviewed by Bremmer et al. [15] and Zadora
et al. [16].

Ultraviolet-visible (UV-Vis) spectroscopy was one of the first and
most investigated choices for scientists studying TSD [16], as blood
changes colour when exposed to air. This has been studied in both short
time frames (2 days [17]) and long time frames (200 days [18]), with
satisfactory results. Another well-studied technique is Raman spectros-
copy, which has proven to be precise and robust over short time periods
[19], although it is less efficient for TSD larger than a couple of weeks,
due to increased sample fluorescence. The technique was boosted by
Menzyk et al. [20], who proposed a strategy to overcome sample
degradation issues due to laser exposure.

Infrared (IR) spectroscopy has also been investigated as a possible
technique for bloodstain dating. The capability of mid-infrared (MIR)
spectroscopy to identify functional groups and changes in protein
structure makes it a promising method for studying bloodstain ageing,
where the main changes are attributable to haemoglobin degradation
[21]. This technique was mainly investigated in the attenuated total
reflection (ATR) mode and proved useful for medium to long time pe-
riods (from two to six months from deposition) [22]. Near-infrared (NIR)
spectroscopy (900-2500 nm) also turned out useful, as it can describe
both protein structure and water evaporation, the two main processes
characterizing blood ageing. The potential of NIR spectroscopy has been
investigated in a few studies [23,24]. Notably, Gariglio et al. recently
demonstrated that NIR spectroscopy can provide results comparable to
those of the more established UV-Vis spectroscopy in real case scenarios
[25].

Despite the undeniable advantages of spectroscopy, the technique
may suffer from background interference, depending on sample pre-
sentation and wavelengths range. In forensic practice, blood is expected
to be found on various surfaces, which may have a spectral signature and
therefore cover up blood signals [26]. As expected, UV-Vis spectroscopy
is the technique most affected by changes in background colour, while
this difficulty can be overcome by using IR spectroscopy [24].

Few studies have taken into account the characteristics of the sub-
strate and, among them, Manis et al. [23] used the NIR range coupled
with hyperspectral imaging to investigate differences in blood-substrate
interactions. They demonstrated that bloodstains aged on hydrophilic
substrates (e.g., cotton) yield better prediction results than those aged on
hydrophobic substrates (e.g., polyester). Moreover, Mengual-Pujante
et al. [27] investigated the use of absorbent substrates (cotton, filter
paper, and regular paper) by means of ATR-Fourier transform IR (ATR-
FT-IR) and demonstrated that non-rigid absorbing supports are ideal for
the ATR technique, since they enable the use of the sample without
resuspension or risk of damage. Gautam et al. [28] applied the same
approach with Raman spectroscopy to predict the TDS of bloodstains
deposited on facial tissue, floor tile or linoleum, and confirmed that
absorbing substrates yield better prediction results than non-absorbing
ones. Mengual-Pujante et al. also showed that training regression
models without taking the substrate into account, i.e., including samples
on cotton, paper, and filter paper in the same model, produces worse
results than creating separate models for each substrate.

In light of these considerations, there is a concrete hypothesis that
the background may both cause spectral interferences and modify the
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ageing kinetics of bloodstains, promoting or delaying chemical modifi-
cations in the sample. This last aspect is crucial, as while spectral in-
terferences can be corrected or dealt with by chemometrics, chemical
and physical modifications in blood degradation hinder the possibility of
using global models to deal with different scenarios.

In the context of ageing kinetics, temperature, humidity, and light
exposure are the most studied factors, and their influence on bloodstain
degradation and dating have been suggested several times [16,26]. For
instance, three studies [21,27,29] used ATR-FT-IR spectroscopy to
develop dating models for bloodstains kept either in laboratory or out-
door conditions, but temperature and humidity were not monitored,
limiting the conclusions that could be drawn about their effect. More-
over, both Mengual-Pujante et al. [27] and Lin et al. [29] stated that
combining the models from outdoor and indoor samples produced worse
dating performances, suggesting that the conditions may indeed modify
the ageing rate. Similarly, studies using UV-Vis [30,31] and Raman
spectroscopies [32,33] investigated the effect of storage temperature
and/or humidity on bloodstain ageing, but these factors were analysed
separately and their global effect and interaction with other factors, such
as illumination or substrate, were not considered. Most of the cited
studies were designed to capture as much variability of the data as
possible for incorporation into a global model, while the role of indi-
vidual factors in the ageing process was rarely examined. Moreover, the
correlations and interactions between factors have been overlooked
almost completely. This information would be extremely relevant in real
case scenarios, where clear guidelines for forensic practitioners are
needed in order to ensure an efficient sampling and on-scene proof
collection.

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) [34]. In particular, when dealing with multivar-
iate datasets, such as those generated by spectroscopic techniques,
methods like ANOVA simultaneous component analysis (ASCA) [35,36],
multivariate ANOVA (MANOVA) [37,38] and regularised MANOVA
(RMANOVA) are among the most suitable [36,38,39] for addressing the
experimental factors’ effect. In particular, MANOVA is a statistical
method to explore factors’ effect and their interrelations when samples
are described with multiple variables. However, it is limited by the fact
that it can only be applied when the number of samples is (much) higher
than that of variables, while RMANOVA is applicable even when the
number of variables is (much) larger than the number of samples
[36,39]. These techniques can sometimes be combined with feature
extraction, a data compression approach which consists in applying a
chemometric model to summarise the information from a high number
of variables in fewer new variables obtained from the combination of the
original ones and containing most of their variability [40]. The model
used to extract the information can be unsupervised, such as PCA [40],
or supervised, such as linear discriminant analysis [41], partial least
squares discriminant analysis (PLS-DA) [42], or partial least squares
(PLS) regression [43].

These approaches already proved useful in several research fields,
including food chemistry [44-46] and biology [47,48]. In one study, the
application of ASCA on NIR spectra of honey effectively discriminated
and described the effect of temperature, irradiation, adulteration and
time on honey samples [49]. However, to date only one study [20]
applied these techniques to a forensic framework. In particular, RMA-
NOVA was used to determine whether an unconventional acquisition
configuration in Raman spectroscopy yielded better results than the
configuration commonly used for bloodstain dating. None of these
techniques has been applied previously to study the effect of environ-
mental conditions and substrate of deposition on bloodstain ageing.

Within the described context, the present study aims at analysing,
quantifying and comparing the effects of climatic conditions (intended
as covariation of temperature and humidity), illumination and substrate
of sample deposition, in order to identify which factors or their in-
teractions may have a significant effect on forensic bloodstains ageing
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process. To reach this goal, bloodstains were deposited on four sub-
strates (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 — fourteen sampling times overall —
by means of a portable NIR spectrophotometer and a benchtop Raman
microscope. As an additional outcome, this experimental scheme
allowed to study the differences in the 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 to both typical sta-
tistical thresholds (p value) and 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 the blood donor.

2. Materials and methods
2.1. Experimental protocol and instrumentation

Blood samples were drawn by fingertip puncturing and the biological
fluid was recovered with a quantitative pipette set to 20 pl and imme-
diately deposited for analysis without the addition of any anticoagulant
agent. The four backgrounds materials used for deposition were two
fabric substrates, namely cotton and polyblend, one glass substrate,
namely microscope glass slides (Pearl Microscope Slides, 1.0-1.2 mm
thickness), and one metal substrate, namely table knife blades. Fabrics
were thoroughly washed at least twice before use, to ensure compara-
bility to used clothes. Blood was drawn in triplicates from each donor for
each substrate, for a total of 2 donors x 4 substrates x 3 replicates = 24
samples.

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

In the present study, two climatic conditions were considered: one
with lower temperature and higher humidity (cold and wet — CW) and
one with higher temperature and lower humidity (hot and dry — HD).
Samples illumination was performed under two different configurations,
either through a glass window, mimicking indirect exposure to sunlight,
as may happen within a building (inside - I), or under direct illumina-
tion, mimicking direct exposure to sunlight, as may happen in open air
(outside - O). Each setup mimicked the day-night alternance in cycles of
12 h of light and 12 h of dark, switching respectively on and off the solar
lamp and alternating warmer temperature and lower humidities when
the lamp was on, and colder temperatures and higher humidities when
the lamp was off. The conditions were combined in all possible pairs,
resulting in a total of four analytical session.

The specific temperature, humidity and light configuration during
day and night for each session are detailed in Table 1. All experimental
conditions reported (temperature, humidity and illumination) were
obtained within the KMF 115 chamber, where the samples were stored
for the whole duration of the experiments, being removed only for

Table 1
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instrumental analysis and placed immediately back afterwards.

As shown in Table 1, temperature and humidity were not treated as
separate (i.e., orthogonal) factors, but they covaried mimicking realistic
conditions in the Mediterranean area. Therefore, the combination of
these two conditions will be considered as a single factor, referred to as
“T&RH” in the text. This approach was adopted to reflect real world
scenarios, where temperature and humidity are always highly
correlated.

The configuration of the whole experimental setting can be sum-
marised in a full-factorial design of experiment (DoE) [34] with three
qualitative factors: two in two levels (T&RH and illumination) and one
in four levels (substrate). All factors and levels are reported in Table 2.

This design matrix was repeated for each of the two subjects included
in the study, resulting in a total of 32 experimental conditions analysed
in triplicate, making the final number of independent samples equal to
96. “Subject” may be considered as a fourth factor (SF) on two levels (A
and B), though its effect is not of interest. Indeed, while it is possible that
SF might have an effect on blood ageing, it is rarely controllable in real
case forensic scenarios, since the blood source might be unknown or
unavailable. Therefore, SF will be treated as a “dummy variable” in the
present paper, i.e., other factors will be considered significant only when
their effect is higher than that of SF. This is done to ensure that the
controllable conditions, i.e., T&RH, illumination and substrate, have an
effect even when the original blood donor is unknown. The studied
subjects were both female, of age 31 (A) and 26 (B). The use of a higher
number of subjects with more diverse characteristics is to be preferred
for model development, but it was not the focus of the current paper,
which is instead focused on proposing an analytical strategy and not a
ready-to-use predictive model.

Samples were collected during four different analytical sessions and
their ageing was followed for 12 days. They were analysed 14 times
during this period, with higher frequency in the first five days after
deposition and lower frequency in the following 7 days. In particular,
samples were analysed after 5, 24, 29, 48, 53, 72, 77, 96, 101, 169, 193,
217, 241 and 265 h since deposition.

NIR analyses were performed using an OnSite-W MicroNIR® (VIAVI
Solutions Inc., Chandler, Arizona, US) spectrophotometer, handled with
the VIAVI MicroNIR™ Pro v3.2 software. The range of spectral acqui-
sition was 908-1676 nm, with an incremental step of 6.15 nm and a total
of 125 spectral points. The scan count was set to 200 and the integration
time was 10 ms. Samples were analysed in triplicate each day, with
slight repositioning between replicates, which were then averaged.

All measurements were operated in the transflection mode. Trans-
flection was obtained adjusting the instrumental setup to the substrate,
to preserve sample integrity and ensure repeatability of analysis while
maximising signal intensity (Fig. 1). For cotton and polyblend, the

Table 2
Summary of correspondences between levels of each factor.
Factor Factor name Levels
-1 —0.33 +0.33 +1
T&RH A cw / / HD
Illumination B Lamp off / / Lamp on
Substrate C Cotton Polyblend Metal Glass

Detail of temperature, humidity and illumination conditions in the four analytical sessions.

Condition name Day

Night

Temperature (°C) Humidity (RH%)

Mlumination (lamp/window)

Temperature (°C) Humidity (RH%) Mlumination (lamp/window)

HD O 35 60 On/no
HD1I 35 60 On/yes
CW.0o 20 75 On/no
CW.I 20 75 On/yes

20 75 Off/no
20 75 Off/yes
10 90 Off/no
10 90 Off/yes
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Fig. 1. Visual representation of measurement configuration for different substrates (A: cotton and polyblend fabric, with the Spectralon® disc beneath); B: glass slide
with the Spectralon® disc above; 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.

measurement was performed by placing a circular white reference ma-
terial (Spectralon®, 99 % reflectance in the NIR range — radius = 2 cm)
underneath the fabric and placing the MicroNIR directly on the blood-
stain (Fig. 1A). For glass, the sample was placed on top of the MicroNIR
and the bloodstain covered by the white reference (Fig. 1B). In both
cases, the presence of the white reference ensured that the light passing
through the sample would be transmitted back through to the detector.
For metal, the MicroNIR was placed on top (Fig. 1C), while Spectralon®
was not used, since the metal surface of the knife was sufficiently large
to prevent light dispersion.

To minimise spectral variability due to unwanted fluctuations in
temperature and humidity in laboratory conditions during analysis,
blank substrates, i.e., without bloodstains on them, were kept in the
climatic chamber together with samples. Blanks were measured prior to
sample analysis and every 10 min, to account for temperature/humidity
changes while in laboratory conditions. Blanks (B) were analysed in the
same configuration as samples and used as a “reference scan”. Dark
scans (D) were operated with the lamp off mode. Consequently, Trans-
flectance (T) was calculated from sample spectra (S) as in Eq. (1):

8-D

T=2"=
B-D

(€)]

This transformation also removes from the samples spectra any
possible interfering trend connected to background ageing, that might
otherwise have covered up for spectral trends ascribable to blood
degradation.

In parallel, samples were analysed with an inVia Raman Microscope
(Renishaw, New Mills, Wotton-under-Edge, Gloucestershire, UK).
Spectra were recorded in the wavenumber range 150-1900 cm ™! with a
total of 1846 wavenumbers (incremental step = 0.95 cm’l). Excitation
was obtained 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 set to 3
acquisitions of 10 s each, with a total time of analysis around 7 min.
Comprehensively, 96 samples x 14 sampling times = 1344 Raman
spectra were measured. The microscope was used with a 50x objective
(with a NA value of 0.75) and its confocal lens were manually focused
each time to ensure that the detector was completely covered by the
bloodstain.

2.2. Chemometric treatment

2.2.1. Data exploration

All data pre-processing, processing, and multivariate analyses were
carried out using in-house scripts developed under the MATLAB®
environment, version R2024b (MathWorks, Natick, MA, USA), and the
PLS_Toolbox 9.5 software (Eigenvector Research Inc., Manson, WA,

USA).

In order to reduce variability between spectra and to enable visual-
isation of spectral changes along the ageing process, spectral signatures
were first analysed averaging samples without taking into account
experimental conditions, obtaining a single spectrum for each time
point. Then, spectra were visually inspected to identify significant bands
and regions connected to ageing. Both the NIR and Raman datasets
underwent the same chemometric processing, while different pre-
processing techniques and different combination of them were tested
for the two techniques in order to enhance differences among spectra
and to minimise unwanted signal variations. In particular, the standard
normal variate (SNV) transform [50], Savitzky-Golay first and second
derivative (2nd order polynomial, 9 points window) [51], normalisation
to unit length and to unit area were tested for NIR spectroscopy, while
the same transforms coupled with baseline correction via asymmetric
least squares (AsLS) smoothing or automatically weighted least squares
(AWLS) [52] were used for Raman.

Then, principal component analysis (PCA) [53,54] was applied on
both datasets. Score plots were inspected to investigate grouping and
clustering within the data and to individuate factors responsible for the
main directions of variability, while loading plots were analysed to
identify spectral variables related to each factor.

2.2.2. Feature extraction

To study the effect of factors on bloodstain ageing, each sample, i.e.,
a bloodstain in one level of substrate, T&RH, light and SF, needed to be
described by a single signal representing its whole evolution along time,
from sampling point 1 to 14. The signals obtained for all levels of all
factors could then be compared with chemometric strategies, ruling out
the effect of each factor on blood degradation.

In the present study, PLS regression [55,56] was used as a feature
extraction technique, with the aim of focusing on spectral variations
related to time elapsing. To do so, a regression model was built for each
condition, for a total of 16 models. The calculation of individual PLS
models for each condition allowed to extract time trend information
without smoothing out the effect of the other factors. Each model was
cross-validated with a Venetian-blind scheme with 5 blocks. The choice
of pre-processing and number of significant latent variables (LVs) was
done for each model by observing the trend of root mean square error in
cross-validation (RMSECV) and comparing it to that of root mean square
error in calibration (RMSEC). Since different models may be built with a
different number of significant latent variables, the final number of
latent variables (n) was homogeneously set to the minimum number of
latent variables obtained from the 16 models, in order to grant the most
parsimonious models and minimise the risk of overfitting. Finally, the
scores on the n lowest-order LVs for each of the 14 sampling times for
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each subject were concatenated, thus obtaining a new signal made of n
x 14 variables. For a matter of clarity, the feature extraction process is
visually represented in Fig. 2.

To ensure the robustness of the approach, i.e., to verify that all the
significant information was indeed contained in the n lowest-order LVs,
the approach was repeated three times, increasing n by 1 each time.

The final data matrix for each instrument contained 32 rows (16
conditions x 2 subjects) and n x LVs columns. This matrix was used for
all further data analysis.

2.2.3. Application of RMANOVA

The data matrix was then subjected to regularised multivariate
analysis of variance (RMANOVA).

In the present study, RMANOVA was applied to the data matrix to
determine the statistical significance of single factors and their binary
interactions. Significance was tested using the Wilks lambda distribution
[57,58], whose theoretical shape was calculated through a permutation
test with 10,000 permutations. A factor was considered significant if p <
0.01, while p values between 0.01 and 0.05 were considered as slightly
significant. Final p values were calculated using Bonferroni multiple
testing correction [59,60]. Moreover, a factor was considered statisti-
cally significant only if its p value was both significant and lower than
that of SF, both alone and in combination with the other factors.
Therefore, factors were significant if p < 0.01 and p < pgummy- In addi-
tion, the factor percentage effect was calculated based on the amount of
variance explained by the factor itself.

C_HD_O_t01_A1

C_HD_O_t01_A2 C_HD_O_t01_A

R/_/

C_HD_O_t01_A3
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3. Results and discussion
3.1. Data exploration

3.1.1. Profiles observation

Visual inspection of bloodstains through the microscope associated
to the Raman apparatus did not show inhomogeneity of the samples.
This outcome was confirmed by the Raman spectra obtained from pre-
liminary results, which demonstrated consistency between three
repeated measurements taken in different regions within the same
sample (data not shown). Conversely, the NIR spectrometer naturally
accounts for this possibility, considering an average signal of the whole
bloodstain, thanks to the big diameter of the probe (~1 cm).

After homogeneity evaluation, the evolution of spectra over time was
analysed for both NIR and Raman techniques to visually confirm their
ability to describe the ageing process. To this aim, Fig. 3 shows the time
evolution of spectra averaged for session, T&RH, substrate and SF.

Both NIR and Raman spectra already showed clear time dependence
when raw signals were considered, as the progressive change in colour
from blue (fresh samples) to yellow (aged samples), evidenced in each
subplot of the figure, demonstrates. In particular, NIR presented a total
intensity effect (Fig. 3A), with aged samples presenting lower trans-
flectance values compared to fresh ones. This effect is most probably a
result of the combined effect of water evaporation due to sample drying
over time, colour darkening and scattering changes owing to the
cracking of bloodstains. The application of SNV (Fig. 3B) evidenced the
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Fig. 2. Schematic representation of the features extraction process, exemplified on substrate = cotton. The same scheme was repeated for all four materials and for

both instruments.
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Fig. 3. Spectral profiles of samples averaged over time. A: raw NIR spectra; B: SNV transformed NIR spectra; C: SNV transformed NIR spectra with offset; D: raw
Raman spectra; E: AWLS transformed Raman spectra; F: AWLS transformed Raman spectra with offset. Spectra are colour coded according to sampling time in hours.

effect of time even more, underlining the continuous change in spectral
feature in relation to sampling time, and showing the presence of a
strong absorbing region between 1200 and 1400 nm, relative to the
second overtone of OH stretching. Moreover, the use of background
samples aged in parallel with the blood samples and used as reference in
the reflectance calculation (see Eq. (1)) ensured that blood ageing was
the only responsible for the time trends revised in the spectra, effectively
eliminating the interference connected to possible background ageing
during the analysis duration. To clearly visualise the changes in spectral
features, in Fig. 3C SNV transformed spectra were also represented with
a constant offset.

Moving to Raman spectroscopy, Fig. 3D shows a clear total intensity
effect coupled with a multiplicative effect related to the time trend, with
aged samples presenting higher count values due to increased fluores-
cence in aged blood samples, as already reported in the literature
[20,61-63]. One possible explanation for this phenomenon is the
accumulation of haemoglobin (Hb) degradation products that have
stronger natural fluorescence than oxyhaemoglobin (oxyHb), which is
the main form found in fresh blood. According to previous studies
[64-66], one of these fluorescent Hb byproducts is hemichrome, which
has been identified as a result of natural blood degradation [62] and
shows strong fluorescence [67]. Moreover, it is possible that further
degradation continues over time, leading to the formation of other
heavily degraded Hb forms showing fluorescent properties, possibly
caused by the cleavage of its subunits and release of iron ions [64-66].

Compared to what commented for NIR spectroscopy, raw Raman
spectra presented low to no background influence, with the exception of
cotton which, being an absorbent substrate, presented a moderate
background signal mixed with the blood signal. For this reason, it was
easier in this case to proceed with spectral interpretation and band
attribution, after an appropriate correction of the baseline effect due to
fluorescence.

In particular, after application of baseline correction by means of
AWLS, age-dependent spectral alterations become more evident, as

represented in Fig. 3E. These spectral changes, particularly evident
within the 300-1700 cm ™! region, provide molecular insight into the
degradation pathways of haemoglobin and represent valuable markers
for estimating the bloodstains age in forensic applications [20,62,68].
Notably, the band around 377-380 cm’l, attributed to vibrational
modes characteristic of methaemoglobin (metHb), shows a progressive
increase in intensity over time, reflecting the gradual auto-oxidation of
oxyHb to metHb during blood degradation. This band serves as a sen-
sitive marker for the presence of high-spin ferric heme species formed
during the ageing process [62,69]. In the 900-1000 cm ™~ region, some
changes may occur in the relative intensities of the bands at approxi-
mately 976 cm™! and 1003 cm ™. The band near 976 cm™!, associated
with heme aggregation and degradation products, increases in intensity
relative to the phenylalanine ring-breathing mode at 1003 cm ™!, which
remains relatively stable. The ratio of the intensities of these two bands
(976/1003 cm_l) therefore serves as an additional metric to discrimi-
nate between differently aged bloodstains, indicating progressive heme
aggregation and structural changes within haemoglobin derivatives.
Notably, bands associated with non-heme components of Hb, such as the
amide I band at ca. 1655 cm™?, exhibit minimal variability over time.
Their relative stability suggests that protein backbone remain largely
unaffected during the early stages of ex vivo degradation, while the
observed spectral changes primarily originate from the heme prosthetic
group and its immediate environment. To clearly visualise the changes
in spectral features, in Fig. 3F AWLS transformed spectra were also
represented with a constant offset.

These findings highlight the suitability of Raman spectroscopy to
support the time evolution observed by NIR spectroscopy, with both
techniques offering a valuable framework for tracking the influence of
external factors on the ageing process of bloodstains, to be supported by
multivariate analysis techniques.

3.1.2. PCA
The data exploration continued with the application of PCA, which
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was used to identify groupings within the data and to make an initial
evaluation of the main sources of variability for the two techniques.
Fig. 4 shows the results, displaying the score plots for both NIR (Fig. 4A-
C) and Raman (Fig. 4E-G) spectroscopies, coloured according to the
three analysed factors. The associated loading plots are shown in Fig. 4D
and H.

The score plots obtained for NIR spectroscopy revealed that the main
source of variability was the difference between substrates (Fig. 4A). In
particular, PC1 differentiated between fabric substrates (cotton and
polyblend) and non-absorbing substrates (glass and metal), while PC2
differentiated cotton from all the other substrates. PC1 loadings explain
a total intensity effect, indicating different global reflectance of the
substrates and summarising the physical effect of light on the material.
This justifies the distinction between fabrics and non-absorbing sub-
strates, the former being less reflective than the latter. PC2 loadings
mostly relate to bands and explain the chemical differences between
substrates. A shift was visible to some extent also for T&RH and illu-
mination along both PC1 and PC2 (Fig. 4B & 4C), suggesting that the
effects of these two factors are also connected to chemical and physical
effects.

In Raman spectroscopy, the main source of variability is more subtle.
Fig. 4E shows the effect of the substrate, in which only cotton forms a
clear cluster at negative values of PC1 and PC2, while the other three
materials overlap, covering the remaining PC space. Differences can also
be observed when the T&RH factor is considered (Fig. 4F), with samples
from the HD level (red in the figure) showing higher values of PC1 and
lower values of PC2 than the CW samples (green in the figure).
Conversely, grouping is not observed for the illumination factor. In the
loading plot (Fig. 4G), PC1 explains a combined total intensity and
multiplicative effect due to fluorescence, as discussed in Section 3.1.1,
while PC2 reflects both a baseline shift and a multiplicative effect.

The choice of presenting PCA on raw data was made to avoid possible
interferences or artefacts due to the algebraic pre-processing trans-
formations [70]. However, PCA results for both NIR and Raman spec-
troscopies were also confirmed on pre-processed data, as shown in the
Supplementary Material (Fig. S1). As mentioned above, it was possible
to observe that the main source of variability in Raman spectroscopy on
raw data was not due to one of the analysed factors, but rather to the
time trend, as can be seen in Fig. S2B of the Supplementary Material.
This could also be deduced from the fact that PC1 on raw data explains
the information related to fluorescence, which is the main source of
variability connected to time trend, as already discussed in Section
3.1.1. On the contrary, ageing information was not evident in the NIR
raw data, but could be enhanced through pre-processing, as shown in
Fig. S2A and S2C (Supplementary Material). Pre-processing enhanced
the variability due to the substrate in Raman spectroscopy, masking that
due to time. The loadings shown in Fig. S1G (Supplementary Material)
also allowed the peaks responsible for the difference between cotton and
the other substrates in Raman spectroscopy to be identified, thanks to
the information on PC2. However, PCA was insufficient to deconvolute
the information related to factors and their significance, suggesting the
use of more targeted variance deconvolution techniques.

3.2. Factors analysis

3.2.1. Extraction of principal properties

As described in Section 2.2.2, feature extraction was performed using
PLS regression. A regression model to estimate time was trained for each
of the sixteen conditions for both instruments, resulting in a total of 32
regression models. The figures of merit of the calculated models are
reported in Tables S1 and S2 in the Supplementary Material for NIR and
Raman spectroscopies, respectively, and show that the minimum num-
ber of latent variables across all models was 3. For NIR spectroscopy, the
best pre-processing was first derivative followed by SNV transform for
cotton, metal and polyblend substrates and just SNV transform for the
glass substrate. For Raman, the best approach was to use raw data for all
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conditions. Although the aim of the regression step was not to produce a
predictive dating model for different conditions, but rather to extract
features to use in the next step, the models’ performance was adequate
to proceed.

The comparison of model performances provides interesting infor-
mation about the differences between the information content yielded
by the two analytical techniques. NIR spectroscopy performed particu-
larly well on absorbing substrates, in particular on cotton, followed by
polyblend, which has an intermediate absorbing capacity. The worst-
performing models, obtained on metal, is justified by the high reflec-
tion and scattering of metal surfaces, which perturbs the NIR spectra and
hinders their regression capabilities. Conversely, Raman spectroscopy
performed well on non-absorbing substrates, as evidenced by the com-
parable errors in cross-validation for glass, metal and polyblend, while
cotton yielded the worst performance, as evidenced by the highest
RMSECV values, particularly under HD conditions.

3.2.2. RMANOVA

The application of RMANOVA enabled the deconvolution of the
significance of factors and their interactions, as demonstrated in Table 3.
In particular, the substrate resulted to be the most significant, for both
NIR and Raman spectroscopies. This factor accounts for the largest part
of the variance and confirms the trends observed in PCA (Section 3.1.2).

To better interpret results discussed in Table 3, Fig. S3 (Supple-
mentary Material) supports the conclusions by showing the dispersion of
data points coloured according to factors levels in the canonical variate
(CV) space. The figure also presents the average spectra for each level.
From this figure, it is possible to note that all levels are grouped within
the space, and no overlap is detected. This contrasts with some of the
observations drawn from PCA. For instance, when considering Fig. S3C,
referred to the effect of substrate analysed with Raman spectroscopy,
cotton retains the highest difference, as can be noticed by its position on
the CV1, but the other three levels also present a grouping. Conversely,
in PCA the only level presenting a grouping was cotton. However, when
examining Fig. S3B, representing the average spectra for the four levels
of substrate, cotton is the only one exhibiting a different spectral
signature. This suggests that the effect underlined by in RMANOVA is
likely attributable to a distinct temporal evolution, which remained
undetectable when analysing the spectral signatures as such. This result
suggests that the interaction between substrate and blood may be able to
modify the ageing kinetics of blood itself, having a stronger effect on the
evolution of the signal over time than on specific bands.

The effect of temperature and humidity (T&RH) proved significant
with both techniques, but it was slightly more pronounced for Raman
spectroscopy, in agreement with PCA results. In NIR spectroscopy, the
effect of T&RH was not readily discernible neither in PCA nor by visual
examination of the average spectrum. The findings of the present study
confirm that, indeed, temperature and humidity conditions have a sig-
nificant impact on the rate of blood ageing kinetics.

The direct exposure of bloodstains to light proved to have a signifi-
cant effect only on NIR spectra. In particular, its influence was the sec-
ond most important, after the substrate’s, whereas Raman spectra were
apparently unaffected by different illumination conditions. The different
outcome observed with the two spectroscopic techniques is justified by
assuming that the main effect of direct illumination is to promote the
water evaporation rate, when temperature and humidity are kept con-
stant. The high sensitivity of NIR spectroscopy towards the water con-
tent is therefore influenced by an accelerated sample drying. In contrast,
Raman spectra are unaffected by the illumination conditions, since they
do not present any characteristic water band. Likewise, binary interac-
tion factors involving the illumination conditions proved significant
only in NIR spectroscopy, whereas in Raman spectroscopy only the bi-
nary factors unrelated to illumination proved significant.

From a statistical perspective, it is evident that, virtually, all the
experimental conditions tested (substrate, T&RH, illumination) pro-
duced a significant effect on the kinetics of bloodstain ageing. Moreover,
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Table 3
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 < 0.01 and Effectgycior > Effectqummy-
Factor NIR Raman
Effect (%) | p value | Effect (%) | p value
Dummy 2.4 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**
Illumination 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** 2.1 0.4

these effects exhibited a magnitude that widely exceeded that of the
dummy variable, whose significance was found in the range 0.02 < p <
0.05. This comparison underscores the paramount importance of the
environmental conditions, whose effects — broadly surpassing the bio-
logical variability of bloodstains collected from different individuals —
should be strictly controlled in whatever statistical model built to
evaluate the bloodstain ageing.

4. Conclusions

The present study applied a systematic DoE approach and variance
deconvolution to facilitate a comprehensive understanding of the sig-
nificance and interaction of the factors influencing bloodstain ageing
kinetics, including environmental conditions and deposition substrate.

The central role of the substrate on which the bloodstain is deposited
is particularly salient in the forensics context, emphasising the
constraint of producing dating models that utilise the same substrate
background on which evidence is deposited in order to attain reliable
predictions. This warning has practical implications for forensic prac-
titioners, who are advised to consider the bloodstains together with their
background, without removing or separating them.

Moreover, the significance of temperature, humidity, and illumina-
tion conditions was clearly demonstrated, confirming previous more
qualitative observations from different studies [27-29]. The potential
bias arising from the environmental conditions indicates again the need
for forensic researchers to evolve towards the development of tailored
models elaborated under conditions that accurately replicate the envi-
ronment in which the real bloodstain samples have been exposed from
the time of their deposition to the beginning of the spectroscopic
measurements.

This study also evidenced that the choice of the spectroscopic tech-
nique to be used is not univocal and may depend on the sample condi-
tions. For instance, NIR spectroscopy appeared to be suitable for the
analysis of blood deposited on absorbing substrates, but may produce
equivocal results when applied to non-absorbing ones. Likewise, NIR
appeared to be more susceptible than Raman spectroscopy to the effects
of illumination, which means that NIR spectroscopy should be applied
under an accurate control of lighting on the samples during experi-
mentation. These preliminary deductions should be further confirmed in
dedicated studies.
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Condition 1st derivative + SNV SNV Selected pre-processing
LV | RMSECV | Lv* | RMSECV* | LV | RMSECV | LV* | RMSECV*

CHDI |6 |85 3 207 6 |78 3 | 19.1

CHDO [5 |90 3 159 9 |6.0 3 |15.0 o

ccwi |e [130 3 | 333 5 | 24.1 3 | 396 1stderivative + SNV

Ccwo |5 |182 3 | 34.2 6 | 305 3 | 37.1

GHDI |3 |341 3 | 34.1 4 | 296 3 | 322

GHDO |4 [353 3 | 445 6 |13.9 3 | 215 SNV

GCWI |4 |695 3 650 4 | 588 3 | 620

GCWO |4 454 3 | 434 5 | 285 3 | 425

M HD | |3 |571 3 | 57.1 5 | 568 3 |61.0

M HD O |3 |545 3 | 545 5 | 406 3 | 543 1t derivative + SNV

MCW/I |3 |543 3 | 543 3 | 68.9 3 | 689

MCWO |4 |643 3 | 726 5 |76.7 3 | 758

PHDI |6 |[123 3 | 234 7 121 3 | 155

PHD O |4 |231 3 |266 6 | 15.6 3 177 o

PCW/ |4 |466 3 533 5 | 453 3 | 545 1stderivative + SNV

PCWO |4 |527 3 652 6 |51.5 3 | 78.1

Table S1: Model results for NIR 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*.



. Raw AWLS .
Condition = " RMSECV | Lv* | RMSECV* | LV | RMSECV | Lv* | RMSECY~ | Se'ected pre-processing
CHDI |3 |e669 3 |66.9 2 | 768 2 | 76.8
CHDO |3 [51.8 3 |51.8 2 |66.2 2 |66.2 Faw
ccwi |3 [360 3 |36.0 2 |61.0 2 |61.0
ccwo |3 |381 3 | 381 3 | 41.9 2 | 524
GHDI |3 [333 3 | 333 2 | 455 2 | 455
GHDO |3 |297 3 | 297 3 | 333 2 | 425 Faw
GCWI |4 [293 3 | 377 3 | 44.0 2 |56.0
GCWO |3 |344 3 | 344 3 |30.0 2 | 354
M HD I |3 |24.0 3 | 24.0 2 |40.7 2 | 407
M HD O |3 |30.2 3 302 2 | 415 2 | 415 R
MCcW/ |3 |308 3 308 3 [37.2 2 | 45.0
MCWO |3 |348 3 |34.8 3 | 346 2 |39.7
PHDI |3 |31.3 3 |31.3 3 |387 2 | 39.9
PHDO |3 |281 3 | 28.1 3 |28.0 2 |37.8 R
PCWi |3 |302 3 | 302 3 |36.8 2 | 466
PCWO |3 |46.0 3 | 46.0 3 |43.0 2 | 584

Table S2: 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*.



15 NIR data - color coded for substrate «10% Raman data - color coded for substrate

25 T T T T T T
¢cC
2G| |
AM
10 vP
3 3 1
& s <
o~ o~
8 4 e
c c
o 0 2 A2 3 A 2
g g T
o o
%) »
-5
-10 : :
-15 -10 -5 0 5 10 15 4
Scores on PC 1 (50.34%) Scores on PC 1 (58.49%) 104
15 25 «10% Raman data - color coded for T&RH
. T T i T T T
! 4 Hot and dry
|
2t F e - Cold and wet|
10 }
& 3
8 s <
N o~
O [&]
o o
& 5
o 0 @
4 2
o o
o o
%) »
-5
-10
-1
Scores on PC 1 (50.34%) Scores on PC 1 (58.49%) 104
15 NIR data - color coded for illumination 25 «10% Raman data - color coded for illumination
. T T i T T T
G ! ¢ Outside
} 4 @ Inside | -
2r | ¢
10 }
. * ]
8 s =
o o~
&) &)
o o
5 5
o 0 @
4 o ]
Q o
o o
%) %)
-5
-10
-15 4
Scores on PC 1 (50.34%) Scores on PC 1 (58.49%) 104
05 NIR data - loadings plot 015 Raman data - loadings plot
PC 1 (50.34%) PC 1 (58.49%)
o D —ees|  |H

0.1

@ » 0.05
j=2) j=2)
< [=4
© ©
® ©
S S

0

-0.05

04 . . . . . . . 0.4 L . . . . . . . .
1000 1100 1200 1300 1400 1500 1600 200 400 600 800 1000 1200 1400 1600 1800
Wavelengths (nm) Wavenumbers (cm”-1)

Figure S1: Scores and loadings plots obtained from PCA on pre-processed data both for NIR and
Raman spectroscopies (1° derivative + SNV and AWLS transformed, respectively), colour coded for



the different factors and levels under analysis. A: NIR score plot colour coded according to substrate
(C = cotton, G =glass, M =metal, P = polyblend fabric); B: NIR score plot colour coded according to
T&RH; C: NIR score plot colour coded according to illumination; D: NIR loadings plot; E: Raman score
plot colour coded according to substrate (C = cotton, G = glass, M = metal, P = polyblend fabric); F:
Raman score plot colour coded according to T&RH; G: Raman score plot colour coded according to

illumination; H: Raman loadings plot;
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Figure S2: Score plots colour coded according to measurement time. A: NIR raw data; B: Raman raw
data; C: 15" derivative + SNV transformed NIR data; D: AWLS transformed Raman data.
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Figure S3: RMANOVA scores plot for canonical variates 1 and 2 for all single factors for NIR (A, E, I, M)
and Raman (C, G, K, O) spectroscopies, together with average spectra for each level of each factor for
NIR (B, F, J, N) and Raman (D, H, L, P) spectroscopy.
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