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HIGHLIGHTS GRAPHICAL ABSTRACT

e Vitreous humor is very useful in the
assessment of short post-mortem
intervals.

o ATR-FTIR spectroscopy is able to assess
post-mortem interval from vitreous
humor.

e Relevant and diverse biological mecha-
nisms can be unveiled at the same time.

e ATR-FTIR and chemometrics/machine
learning are powerful in studying
biofluids.

ARTICLE INFO ABSTRACT

Keywords: A crucial issue in forensics is determining the post-mortem interval (PMI), the time between death and the
Post-mortem interval finding of a body. Despite various methods already employed for its estimation, only approximate values are
Vitreous humor currently achievable. Vitreous humor (VH) is an avascular tissue between the lens and the retina, mainly
aiiii?jafg ZnCt:l);sci‘;py composed by a collagen fibers network, hyaluronic acid, and hyalocytes. Recently, it has received interest in
Data mining forensic medicine, being easy to collect and susceptible to low microbiological contamination and putrefaction.
Based on this evidence and thanks to the ability of Attenuated Total Reflectance — Fourier Transform InfraRed
(ATR-FTIR) spectroscopy to perform fast analyses on a minimal sample amount, in this study, a new analytical
approach to reliably estimate PMI is proposed combining ATR-FTIR analysis of VH human samples with
multivariate statistical procedures, such as Principal Component Analysis (PCA) and Partial Least Squares-
Discriminant Analysis (PLS-DA), for discriminant classification. Regression procedures, including Partial Least
Squares Regression (PLSR), were performed: extremely positive results were obtained, and the most discriminant
spectral features were highlighted (peaks at 1665, 1630, 1585, 1400, 1220, 1200, 1120, 854, 835, and 740 em™)
and associated to PMI classes (average accuracy over 80 %). Specific and reliable markers able to correlate the
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macromolecular composition of VH with the PMI were identified, revealing a post-mortem protein degradation
and amino acids deamination (decrease of proteins and increase of free amino acids and NH3), an increase of
lactate, which diffuses from the retina to the VH, and changes in the hyaluronic acid component.

1. Introduction

Post-mortem interval (PMI), or time since death (TSD), is defined as
the time elapses between death and finding a body; its accurate esti-
mation is an important issue in forensic medicine as it can be a crucial
parameter in criminal prosecution [1,2]. It sheds light on potential
murder suspects during forensic investigations, contributing also to
determine the possible causes of death [1].

To date, various conventional methods are available to estimate the
time since death, such as the Algor mortis, based on the body’s cooling
after death caused by the lack of circulating blood in the vessels and the
loss of regulatory mechanisms of the body temperature; this approach is
considered the most accurate method of estimating the early PMI,
together with the progression and regression of Rigor Mortis that occurs
when the muscles become stiff due to the loss of adenosine triphosphate
(ATP), and the development of Livor Mortis consisting in the collection
of blood in skin vessels in the lower part of the dead body from 6 to 12 h
after death [1,3]. Other methods of estimating TSD include the
biochemical analysis of biofluids and entomology (examination of
different types of insects found inside or outside the body); both
biochemical analyses and conventional methods can provide reliable
data within 1-3 days, while entomological evidence may extend the
estimated time since death to several weeks or even months [4].

However, all these methods are often imprecise and influenced by
climatic and environmental conditions, as well as by the experience and
subjectivity of the forensic pathologist making the assessments [2].
Therefore, the accurate estimation of the PMI requires new approaches
that are both fast and reliable and not subjected to external variability
[1,2].

Fourier Transform InfraRed Spectroscopy (FTIR) is a powerful
vibrational technique able to provide information about the macromo-
lecular composition of the biological sample analyzed [5]. This spec-
troscopic approach, and more particularly Attenuated Total Reflectance
- Fourier Transform InfraRed (ATR-FTIR) spectroscopy, presents several
advantages over other analytical techniques. ATR-FTIR let perform fast
and non-destructive analysis on a great variety of samples, both liquids
and solids, with a great reproducibility and little to no chance of oper-
ator error, since minimal sample preparation is required [6]. By a single
acquisition, it is possible to obtain a high-quality IR spectrum which can
provide the chemical fingerprint of the sample [7]. In recent years, ATR-
FTIR has been successfully applied in forensic medicine for several
purposes, including the determination of the phenotype profiling of the
victim, the identification and differentiation between stains of all body
fluids and for toxicology analyses [8-10]. ATR-FTIR spectroscopy has
also been exploited in combination with chemometric methods to esti-
mate the post-mortem interval, by analyzing soft-tissues (adipose tissue,
liver), body fluids (plasma, pericardial fluid, vitreous humor), annular
cartilage, and bones [2,11-16]. Another vibrational spectroscopic
technique, Raman spectroscopy, is considered very useful in PMI
assessment. Both IR and Raman spectroscopy let obtain the fingerprint
of biological molecules of interest in a label-free way [17], but are
mutually complementary, given the different physical origin of their
functioning and their sensitiveness to different classes of vibrations (IR
absorption is sensitive to antisymmetric/polar group vibrations, Raman
is sensitive to symmetric/polarizable ones) [17]. In the present work,
the choice fell on infrared spectroscopy, in the ATR setup, since its ease
of use makes it particularly suitable for an implementation into non-
expert laboratories.

A useful biological matrix employed for PMI estimation, not only
with infrared spectroscopy [18-21], but also with other X-ray-based

techniques [22,23], is bone. In fact, bone remains are useful for toxi-
cological and genetic analysis and evaluation [24]. Although the
degradation of skeletal samples is known to be severely affected by
environmental factors (i.e. bacteria, weather, and soil composition)
[24], the literature reports strong evidence of the reliability of their use
for PMI estimation.

Vitreous humor can be considered an interesting sample for forensic
investigations. In fact, it is a transparent biological matrix placed be-
tween the lens and the retina, and therefore not very susceptible to
chemical changes due to microbiological contamination, putrefaction
and autolysis, which could influence the analysis and the reliability of
the results [25,26]. It is mostly composed by water (>98 %) and other
molecules such as collagen fibers, hyaluronic acid (the most abundant
glycosaminoglycan of the VH), hyalocytes, inorganic salts and organic
components [25,27,28]. The spectroscopic characterization of bone
tissue is particularly useful when the PMI is in the order of years and
months; analyses based on microbial investigations report an accuracy
in the order of days [29]. On the contrary, the biochemical analyses
performed on biological fluids, like blood, serum, and also VH, including
the few studies using ATR-FTIR on this latter matrix, report an accuracy
in the order of hours [2,29]. This aspect, together with the evidence that
biochemical assays performed on VH, including the evaluation of po-
tassium, hypoxanthine, and glucose levels, severely lose their accuracy
as degradation advances, making this sample type more suitable for
short PMIs [24,30].

Among the techniques used for biochemical and metabolic in-
vestigations, ATR-FTIR stands as particularly useful. In fact, the widely
and routinely employed biochemical assays, besides being well-
characterized and reliable, require kits and reagents specifically tar-
geted towards a molecule or a class of molecules. On the contrary, this
spectroscopic approach, combined with a fine statistical analysis, which
can be hopefully automated within a software for laboratory routines,
lets obtain on the same sample, at the same time, and in a label-free way,
the complete information of the sample in study: in this way, more than
one class of molecules can be analyzed and diverse metabolic pathways
can be investigated.

To the best of Authors’ knowledge, only three studies are reported in
literature exploiting ATR-FTIR on rabbit vitreous humor, among which
only one aims to find a correlation between its spectral features with the
causes of death and the post mortem interval [2,31,32], while just one
paper describes the application of this spectroscopic technique on
human vitreous humor samples to assess the PMI in vitro, but only three
samples were included [10]. On the other hand, Raman spectroscopy
has been more widely applied to VH samples, to study, for example, the
modifications occurring in this biological matrix due to diabetic reti-
nopathy [33] and to perform a differential diagnosis between experi-
mental endophthalmitis and uveitis [34].

Based on this evidence, in the present study we have developed a
reliable analytical method for the detection of the post-mortem interval,
to be applied in forensic medicine, based on the analysis of human vit-
reous humor. To this purpose, a significant number of human vitreous
humor samples have been collected and analyzed by combining ATR-
FTIR spectroscopy with a data mining approach.

2. Materials and methods
2.1. Sample collection

N. 70 human vitreous humor (VH) samples were obtained from the
archive of the Department of Forensic Medicine, “Ospedali Riuniti”
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General Hospital (Ancona, Italy). Samples were collected in the range of
2.5-187 h postmortem, and the age of donors ranged between 31 and 99
years. Only non-toxicological and non-infective causes of death were
taken into account. After collection, VH samples were immediately
stored at —80 °C in 5-ml labelled vacutainer tubes until the analysis; no
fixing procedure was performed. VH samples were divided into N. 5
classes, according to the PMI: Class 1 < 10.00 h; Class 2 = 10.33-20.00
h; Class 3 = 20.83-40.00 h; Class 4 = 41.00-80.00 h; Class 5 > 81.00.
Table S1 summarizes data related to sex, age, and exact PMI of the do-
nors of the VH samples employed in the study.

2.2. ATR-FTIR acquisitions and processing

The infrared analysis was performed at the Advanced Research
Instrumentation Laboratory - Polytechnic University of Marche
(Ancona, Italy). ATR-FTIR spectra were acquired by a Platinum ATR
accessory mounting a diamond crystal and coupled with a Bruker
INVENIO-R interferometer and a Deuterated TriGlycine Sulfate (DTGS)
detector (Bruker Optics, Ettlingen, Germany). Samples were dropped
layering N. 3 aliquots of 4 ul onto the diamond crystal and dried by
nitrogen blowdown. IR spectra were collected every 30 s until complete
dehydration of samples, as monitored by the disappearance of the band
at ~2100 cm ! originated from the free water content. For each sample,
ATR-FTIR spectra were collected at room temperature in the 4000-700
cm ! range (256 scans, 4 cm ™! spectral resolution). Before each sample
acquisition, the spectrum of the background was collected on the clean
diamond under the same conditions. Raw spectra were pre-processed as
follows (OPUS 7.5, Bruker Optics): correction for atmospheric carbon
dioxide and water vapor (in order to remove the contribution of theses
specimens to infrared spectra), vector normalization (in order to stan-
dardize spectra to the total absorbance), cut in the 1800-700 cm!
range, and baseline correction (in order to minimize interference from
baseline distortions, hence offering more reliable quantitative intensity
measurements). The choice of using the fingerprint region (1800-700
cm ™) was made according to literature, in particular considering pre-
vious studies and the macromolecules of interest within VH samples.
Spectral profiles were analyzed both in absorbance and second deriva-
tive modes, with a focus on the height and the center position of specific
peaks of interest.

2.3. Statistical analysis

A first exploratory analysis of spectral data was performed by means
of Principal Component Analysis (PCA), which decomposes the pre-
processed spectral data into a few numbers of PCs accountable for
most of the variance (Eq. (1)):

X =TP"+E (@)

with X representing the pre-processed spectral data, T the PCA scores, P
the loadings, and E the residuals [35-37]. Here, PCA was employed to
assess the evolution of spectral profiles as a function of the post-mortem
interval (PMI). The PCA toolbox for MATLAB was used [38].

Then, three supervised classification approaches were employed and
compared: Partial Least Squares-Linear Discriminant Analysis (PLS-DA),
K-Nearest neighbors (KNN), and Random Forest (RF), by means of the
Classification toolbox for MATLAB and the PLS Toolbox 9.3.1, 2024,
Eigenvector Research, Inc. [39]. To do this, the total dataset was auto-
matically split into train and test sets (80 %-20 %, respectively), by
means of the Onion algorithm (PLS Toolbox 9.3.1, 2024, Eigenvector
Research, Inc.), which first selects a ring of the most unique samples that
are used in the calibration set; then, a ring of less unique samples, inside
the first set, is put into the validation set; this procedure is repeated two
more times, letting obtain are three outer rings of most unique and less
unique samples; finally, all remaining samples are randomly split into
calibration and validation. Moreover, the algorithm was forced to keep
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the replicate spectra together in either the train or test sets. KNN is
defined as a distance-based non-parametric classification method. First,
a distance matrix — here Euclidean — was built analyzing all points in the
data, then used to identify the K-closest neighbors, with K being the
number of neighbors. The most common class for these K-closest data
points was determined and, finally, the class of belonging of sample data
determined [40]. Hence, the Euclidean distance between two objects
X7 = (X11,X12, -, X10) and X = (X21, X232, ***,X2n) is measured:

dist(X1,X>) = Z (x1i — Xzi)2 (2)
i=1
Then, the class of belonging of sample data (d) is determined, hence
the model calculates the weight of d belonging to each class C; as:

k
W(d, Cy) = sim(d;, d)/ (i, G;) 3)
i=1

with sim(d;,d) being the similarity between d and the i nearest
neighbor d; [41]. Here, K = 3 was selected.

An RF-based classification algorithm was also employed. RF derives
from the combination of CART (Classification And Regression Trees) and
bootstrapping aggregation algorithms [42]. Briefly, RF combines pre-
dictive trees, which are built including a random selection of samples
and variables [43]. A decision tree is produced, based on hierarchically-
connected nodes that correspond to a variable value that carries the class
information; then, a response, corresponding to a leaf (decision node) of
the tree, is sought by recursively partitioning into branches and
descending nodes [43]. At the end of this process, all the trees in the
forest, comprise ~60 % of all samples, are trained and used to build the
model, while the remaining samples (test sets) are employed to assess
the classification accuracy [44]. Here, the model was built by employing
500 trees and 20 random variables.

PLS-DA is based on PLS regression (commented below) and relies on
two fundamental equations:

X =TP'+E 4
Y=TQ " +F (5)

with X representing the pre-processed spectral data, decomposed into P
orthogonal scores T and loading matrix P, and with Y representing the
response variable vector, decomposed into P orthogonal scores T and
loading matrix Q; E and F are the error matrices. Once the weights
matrix W is defined, T is:

T =XW(P'W) 6)

Based on this, the PLS-DA algorithm lets calculate the regression
coefficient B as:

B=W(P'W) Q" %)

from which a hypothetical unknown sample value of Y may be pre-
dicted: Y = XB [40].

Then, the PLS regression technique (PLSR) was employed to explore
the spectral variability as a function of a systematic change occurring in
samples (Regression toolbox for MATLAB) [45,46]. The algorithm de-
tails are the same as those explained above for PLS-DA. PLSR was
employed since it allows for building predictive models correlating a
spectral response to the target variable of interest.

The construction of models in both the classification and regression
procedures was monitored by accurate selection of the number of latent
variables/neighbors and by using metrics like root mean squared error
of calibration (RMSEC) and of cross validation (RMSECV) and by cross
validation (CV) procedures, specifically venetian blinds, where each test
set is established by the selection of every ith object in the dataset,
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Fig. 1. Absorbance (A) and second derivative (B) spectral profiles of a representative VH sample in the 1800-700 cm ™! range.

Table 1

Centre position (wavenumbers, cm’l), vibrational mode and biochemical
assignment of the peaks identified in the VH representative absorbance spectrum
in the 1800-700 cm™! spectral range [AAs: amino acids; FAs: fatty acids]
[2,31,50-55].

1

Wavenumber (cm™") Vibrational mode and biochemical assignment

Absorbance  Second
derivative
~1657 ~1666 Amide I (v C=0, C—N): « helices
~1630 Amide I (v C=0, C—N): f sheets, v NH3
~1586 ~1580 8 N—H, vC—N
~1454 ~1452 v C—H (mainly lipids) v C—N (proteins and
urea)
~1410 ~1417 v COO™ (free AAs, free FAs, hyaluronic acid)
~1314 ~1313 Amide III (v C—N, in-plane § N—H)
~1120 ~1120 v C—O (lactate)
~1080 ~1080 vP—0
~1040 ~1040 v C—OH (glycogen and glucose)
~923 ~925 v P—0, v C—0 (DNA)
~851 ~854 v C—C (lactate)
~780 ~780 v C—0, v C—C (carbohydrates)

starting with objects numbered 1 through i [47].

Finally, a variable selection procedure was performed by means of
the Genetic Algorithm combined with PLS regression (GA-PLS). Variable
selection aims at extracting key features, in this case key peaks, from the
second derivative infrared spectra, to simplify the model and, hence, its
predictive capabilities [48]. Briefly, considering spectra as the X data
and the values to be predicted as the Y data, a random X subset can be
selected, and the RMSECV is calculated by PLS regression and CV pro-
cedures: the iteration of this procedure by GA lets identify the variable
subsets providing the lowest RMSECV (PLS Toolbox 9.3.1, 2024,
Eigenvector Research, Inc.). In particular, (1) an initial population of
variable sets was built (population size 64); (2) a PLSR model (4 LVs)
was fit to each set, and a venetian blind-based CV (10 splits and bind, 1
iteration) was used to assess the performance; (3) the sets characterized
by high performance were select to survive in the next “generation”; (4)
new variable sets were generated by crossover of variables among the
surviving sets and by “mutating” the selection/non-selection criterion
for some single variables; (5) these new surviving and modified sets
were fitted again going back to step (2) [49]. Here, the following pa-
rameters were used: population size 64, window width 4, initial terms
30 %, max generation 100, mutation rate 0.005.

2.4. Spectral analysis

Some spectral regions of particular interest were more deeply
analyzed. The curve fitting procedure was performed on these regions
upon local straight baseline correction and vector normalization. The
number and position of the underlying subpeaks were identified by the
analysis of second derivative minima and fixed during the fitting pro-
cedure by means of Gaussian functions (OriginPro 2023b, OriginLab
Corporation).

Pre-processed spectra were fitted by means of a combination of

72(X*Xc)z
e
grated area (A), and the width (w) of the main vibrational features
identified by multivariate approaches were assessed with the aim of
quantifying the spectral differences in VH samples induced by different
PMI values.

Gaussian curves (y = yo +

); the centre (x.), the inte-

3. Results and discussion
3.1. Analysis of VH spectral profile

The absorbance spectral profiles of VH samples were analyzed, to
highlight their main features to be assigned to specific vibrational
modes. In Fig. 1, for simplicity, the description of the profile of a VH
sample collected at a PMI < 10 h, considered representative of the
sample type, is reported. Table 1 reports the center position of the main
infrared peaks identified by the analysis of second derivative minima.
Assignments were attributed according to literature [2,31,50-55].

The spectral profile of human VH, besides being consistent with the
one reported in literature for animal samples [2,31,32], also reflects its
known composition. VH is mainly composed of water (ca. 90 %) and of
solid fibrillary components, represented by glycosaminoglycans and
collagen [56]. In particular, collagen, mostly consisting of type II
collagen, has been reported at a concentration of 280-1360 ug/ml [57].
All glycosaminoglycans are combined with proteins to form pro-
teoglycans, except for hyaluronic acid, the most abundant one, present
at 140-340 pg/ml concentrations [58]. There are also non-collagenous
proteins, like glycoproteins (i.e. opticin and fibrillin), and non-
structural proteins, including immunoglobulins and complement pro-
teins [56]. All these VH components are reflected by the infrared spec-
trum. Several peaks can be ascribed to proteins, like those at ~1657
cm ! (Amide ), ~1586 cm ! (NH and CN bonds), ~1410 cm ™! (COO~
moieties of free amino acids), and ~1314 cem ™! (Amide III). The sugar
moieties typical of glycosaminoglycans and glycoproteins are also dis-
played by the infrared spectrum with the bands at ~1040 cm ™! (COH™
moieties), and ~850 ecm ! and ~780 cm~! (CO and CC moieties).
Moreover, some other compounds are known to be present in VH, and
some of them are considered widely useful for post-mortem analyses.
Among them, there is creatinine, generated by a non-enzymatic irre-
versible mechanism from creatine: its presence in VH has been reported
in literature, and a correlation between its increase and PMI has been
suggested [59]. The most prominent infrared band of creatine/creati-
nine is centered at ~1625 c¢cm ! [60,61]. Urea is also present in VH
samples, but it is considered more stable in relation to PMI; its main
absorption bands are centered at ~1625 em~ ! (6 NH,), ~1590 em @
CO), and ~1450 cm ! (v CN) [62]. Nucleic acids are also present in VH,
as evidenced by the peaks at ~1080 cm™! and ~925 cm™?, and their
decrease along with the increase of the PMI has been reported in liter-
ature [2]. Among carbohydrates, lactate is considered a crucial marker
in VH: its concentration is 2.88-5.06 mmol/1 in the VH of living humans,
which significantly increase along with increasing PMI [59]. The main
spectral features ascribable to this molecule are centered at ~1120 cm ™
(C—O moieties) and ~855 cm ™! (CO and CC moieties).
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3.2. Statistical analyses and machine learning

For PCA and classification procedures, VH samples were divided into
N. 5 classes, according to the PMI: Class 1 < 10.00 h; Class 2 =
10.33-20.00 h; Class 3 = 20.83-40.00 h; Class 4 = 41.00-80.00 h; Class
5> 81.00. Fig. 2 displays the average absorbance and second derivative
spectral profiles of VH samples of Classes 1-5 in the 1800-700 cm
range.

As previously described, PCA was first exploited as an exploratory
analysis of second derivative spectral data (pre-processing: mean
centering; 4 PCs; Fig. 3). The PCA scores plot evidenced a localization of
scores consistent with the class division: a relatively good segregation
between Class 1 and Classes 4 and 5 was found, while Class 1 appears
almost superimposable with Classes 2 and 3. These results are not un-
expected since spectral changes are mainly ascribable to PMI degrada-
tion processes, but they can also derive from other biological
mechanisms which cannot be verified. Although not sharp, this evidence
is suggests the real possibility of exploiting this approach for a reliable
PMI evaluation. The PC1 loading displayed as the most discriminant
spectral features the peaks centered at ~1662 em ! (Amide I - o heli-
ces), ~1624 cm ! (Amide I— J sheets; creatinine and urea), ~1122 cm !
(carbohydrates — lactate), 1087 cm ™! (phosphate groups), ~1043 cm ™!

(carbohydrates), and ~854 em™! (carbohydrates — lactate). These re-
sults suggested that the main modifications due to increasing PMI are
related to changes of proteins, carbohydrates, and nitrogen-containing
compounds, such as urea.

After exploration of data with PCA, three different supervised clas-
sification techniques were employed, to systematically classify samples.
First, PLS-DA was used on second derivative VH spectra (pre-processing:
mean centering; 3 latent variables — LVs; CV: venetian blinds w/ 10 splits
and blind). Fig. 4 reports the scores on LV1 and LV2 and the corre-
sponding loading spectra: also in this case, a relatively good segregation
between Class 1 and Classes 4 and 5 was found, while Class 1 appears
almost superimposable with Classes 2 and 3. Interestingly, also the
spectral loadings corresponding to LV1 and LV2 reflected the same
molecular modifications induced on VH by the increasing PMI, mainly
regarding proteins, carbohydrates, and nitrogen-containing compounds:
~1662 cm ™! (Amide I — « helices), ~1624 cm~! (Amide I - B sheets;
creatinine and urea), ~1578 cm! (proteins), ~1418 cm ! (free AAs,
free FAs, and hyaluronic acid), ~1120 em™! (carbohydrates — lactate),
~1087 cm™! (phosphate groups), ~1043 cm™! (carbohydrates), and
~853 cm ! (carbohydrates — lactate).

The validation of the classification model was assessed by calculation
of sensitivity, specificity, classification error, and precision together
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Table 2
Model accuracy assessment for PLS-DA (3 LVs), KNN (K = 3), and RF (500 trees). Accuracy was assessed by the analysis of sensitivity, specificity, classification error,
and precision, before and after cross validation. RMSEC, RMSEP, and RMSECV were also calculated for PLS-DA.

PLSDA Classification
MODEL RESULTS

Confusion Matrix:

Class: TP FP TN FN N F1 SENS SPEC CLASS.ERR. PREC RMSEC
Class 1 0.489 0.091 0.908 0.511 45 0.550 0.756 0.810 0.217 0.843 0.340
Class 2 0.786 0.324 0.676 0.214 42 0.541 0.857 0.517 0.313 0.708 0.394
Class 3 0.187 0.072 0.928 0.812 48 0.269 0.875 0.353 0.386 0.722 0.427
Class 4 0.571 0.566 0.943 0.429 28 0.604 0.929 0.748 0.161 0.502 0.327
Class 5 0.875 0.043 0.957 0.125 24 0.808 1.000 0.902 0.049 0.953 0.254

Confusion Table:
Actual Class

Class 1 Class 2 Class 3 Class 4 Class 5
Predicted as Class 1 22 7 6 0 0
Predicted as Class 2 20 33 27 0 0
Predicted as Class 3 3 2 9 5 1
Predicted as Class 4 0 0 6 16 3
Predicted as Class 5 0 0 0 7 21
Predicted as Unass. 0 0 0 0 0
CV RESULTS
Confusion Matrix (CV):
Class: TP FP TN FN N F1 SENS SPEC CLASS.ERR. PREC RMSECV
Class 1 0.467 0.134 0.867 0.533 45 0.494 0.711 0.782 0.253 0.777 0.353
Class 2 0.667 0.310 0.690 0.333 42 0.487 0.833 0.524 0.321 0.683 0.399
Class 3 0.187 0.050 0.950 0.812 48 0.281 0.854 0.403 0.371 0.789 0.433
Class 4 0.607 0.088 0.912 0.393 28 0.576 0.893 0.717 0.195 0.873 0.332
Class 5 0.833 0.043 0.957 0.167 24 0.784 1.000 0.902 0.049 0.951 0.258

Confusion Table (CV):
Actual Class

Class 1 Class 2 Class 3 Class 4 Class 5
Predicted as Class 1 21 11 8 0 0
Predicted as Class 2 21 28 24 0 0
Predicted as Class 3 3 0 9 4 1
Predicted as Class 4 0 3 7 17 4
Predicted as Class 5 0 0 0 7 20
Predicted as Unass. 0 0 0 0 0
PREDICTION RESULTS
Confusion Matrix (PRED):
Class: TP FP TN FN N F1 SENS SPEC CLASS.ERR. PREC RMSEP
Class 1 0.500 0.081 0.919 0.500 6 0.500 0.500 0.838 0.331 0.860 0.329
Class 2 0.733 0.143 0.857 0.267 15 0.733 0.800 0.571 0.314 0.837 0.437
Class 3 0.333 0.027 0.973 0.667 6 0.444 1.000 0.351 0.324 0.925 0.378
Class 4 1.000 0.100 0.900 0.000 13 0.896 1.000 0.767 0.117 0.909 0.425
Class 5 1.000 0.000 1.000 0.000 3 1.000 1.000 0.850 0.075 1.000 0.219
Confusion Table (PRED):

Actual Class

Class 1 Class 2 Class 3 Class 4 Class 5
Predicted as Class 1 3 3 0 0 0
Predicted as Class 2 3 11 1 0 0
Predicted as Class 3 0 1 2 0 0
Predicted as Class 4 0 0 3 13 0
Predicted as Class 5 0 0 0 0 3
Predicted as Unass. 0 0 0 0 0
KNN Classification
MODEL RESULTS
Confusion Matrix:
Class: TP FP TN FN N F1 SENS SPEC CLASS.ERR. PREC
Class 1 0.767 0.057 0.943 0.233 43 0.786 1.000 1.000 0.000 0.931
Class 2 0.733 0.086 0.914 0.267 45 0.733 1.000 1.000 0.000 0.895
Class 3 0.773 0.143 0.857 0.227 44 0.694 1.000 1.000 0.000 0.844
Class 4 0.606 0.053 0.947 0.394 33 0.656 1.000 1.000 0.000 0.919
Class 5 0.631 0.024 0.976 0.368 19 0.686 1.000 1.000 0.000 0.963

(continued on next page)
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Table 2 (continued)
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Confusion Table:

Predicted as Class 1
Predicted as Class 2
Predicted as Class 3
Predicted as Class 4
Predicted as Class 5
Predicted as Unass.

CV RESULTS
Confusion Matrix (CV):
Class: TP
Class 1 0.744
Class 2 0.778
Class 3 0.795
Class 4 0.697
Class 5 0.737

Confusion Table (CV):

Actual Class

FP

0.028
0.086
0.129
0.053
0.018

Actual Class

Predicted as Class 1
Predicted as Class 2
Predicted as Class 3
Predicted as Class 4
Predicted as Class 5
Predicted as Unass.

PREDICTION RESULTS
Confusion Matrix (PRED):

Class: TP FP
Class 1 0.875 0.053
Class 2 0.667 0.000
Class 3 0.900 0.139
Class 4 0.750 0.053
Class 5 0.875 0.000

Confusion Table (PRED):

Predicted as Class 1
Predicted as Class 2
Predicted as Class 3
Predicted as Class 4
Predicted as Class 5
Predicted as Unass.

Actual Class

RF Classification

MODEL RESULTS

Confusion Matrix:

Class: SENS SPEC
Class 1 1.000 0.990
Class 2 0.980 1.000
Class 3 1.000 0.990
Class 4 1.000 1.000
Class 5 1.000 1.000

Confusion Table:

Predicted as Class 1
Predicted as Class 2
Predicted as Class 3
Predicted as Class 4
Predicted as Class 5
Predicted as Unass.

Actual Class

Class 1

(=R =hNe R e

TN

0.972
0.914
0.871
0.947
0.982

Class 1

oS O o U

TN

0.947
1.000
0.861
0.947
1.000

Class 1

oo o= ON

CLASS.ERR
0.005
0.010
0.005
0.000
0.000

Class 1

(==l

Class 2
6
33

oo =wu

FN

0.256
0.222
0.204
0.303
0.263

Class 2

o o= wul

FN

0.125
0.333
0.100
0.250
0.125

Class 2

o O =N -

PREC
0.980
1.000
0.980
1.000
1.000

Class 3

43
45
44
33
19

Class 3

35

=

Class 3

S O O VO -

Class 2
0
44

oS © O O

Class 4
0

2

9

20

2

0

F1

0.810
0.761
0.722
0.719
0.778

Class 4

F1

0.823
0.800
0.750
0.750
0.933

Class 4

SO N OO

Class 3

Class 5

0

0

2

5

12

0

SENS SPEC CLASS.ERR.
0.930 1.000 0.035
0.911 0.971 0.059
0.886 0.943 0.085
0.818 0.960 0.111
0.895 0.988 0.059
Class 5

0

0

0

5

14

0

SENS SPEC CLASS.ERR.
1.000 1.000 0.000
1.000 1.000 0.000
1.000 1.000 0.000
1.000 1.000 0.000
1.000 1.000 0.000
Class 5

0

0

0

1

7

0

Class 4 Class 5

0 0

0 0

0 0

32 0

0 21

0 0

PREC
0.964
0.900
0.860
0.929
0.976

PREC
0.943
1.000
0.866
0.934
1.000

(continued on next page)
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Table 2 (continued)
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CV RESULTS
Confusion Matrix (CV):
Class: SENS SPEC CLASS.ERR PREC
Class 1 0.800 0.980 0.110 0.910
Class 2 0.820 0.940 0.120 0.820
Class 3 0.890 0.930 0.090 0.800
Class 4 0.820 0.950 0.115 0.790
Class 5 0.810 0.980 0.105 0.850
Confusion Table (CV):

Actual Class

Class 1 Class 2

Predicted as Class 1 32 5
Predicted as Class 2 3 37
Predicted as Class 3 0 3
Predicted as Class 4 0 0
Predicted as Class 5 0 0
Predicted as Unass. 0 0
PRED RESULTS
Confusion Matrix (PRED):
Class: SENS SPEC CLASS.ERR PREC
Class 1 0.910 0.860 0.115 0.670
Class 2 0.500 0.820 0.34 0.500
Class 3 0.110 0.890 0.5 0.200
Class 4 0.630 0.920 0.225 0.630
Class 5 1.000 1.000 0.000 1.00
Confusion Table (PRED):

Actual Class

Class 1 Class 2

Predicted as Class 1 10 1
Predicted as Class 2 5 6
Predicted as Class 3 0 5
Predicted as Class 4 0 0
Predicted as Class 5 0 0
Predicted as Unass. 0 0

Class 3 Class 4 Class 5
2 1 0

5 0 0

40 2 0

3 27 3

0 4 17

0 0 0
Class 3 Class 4 Class 5
2 1 0

1 0 0

1 3 0

3 5 0

0 0 6

0 0 0

with the RMSEC, RMSECV, and RMSEP metrics, before and after vene-
tian blinds CV, as follows:

(8)

9

RMSEC/RMSEP is a measure of the fit to the model data, with i
representing all m observations used to build the model, y; the predicted
value for I and y; the true value for i; RMSECV estimates the predictive
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Fig. 5. (A) PLSR model calculated on ATR-FTIR spectra of Classes 1-5 (1800-700 em! range) and (B) standardized regression coefficients.
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Fig. 7. Second derivative spectra (1800-700 cm ™!

sample collected after 27.67 h and after 72.00 h.

range) of the same VH

where TP is for true positives, FN is false negatives, TN is true negatives,
and FP is false positives; here, classification error is calculated as the
average of FP and FN rates for class.

Table 2 reports the validation results of the three classification
models employed in this study, PLS-DA, KNN, and RF. Altogether, these
results show a promising potential in the prediction of PMI from VH
samples, which will be improved by the inclusion of a higher number of
samples, both in the training and test sets.

PLSR was then employed to explore the spectral variability as a
function of exact PMI values. The number of LVs was set at 4. Fig. 5
shows the PLSR model and the regression coefficient obtained from this
analysis.

The PLSR model, obtained by plotting experimental responses vs
cross validated predicted responses, showed a good correlation between
spectral modifications and PMI. RMSEC was 11.457 and R? was 0.899;
after CV, the accuracy of the model was given by RMSECV equal to
12.981 and R? to 0.878. The standardized regression coefficients, cor-
responding to the standardized x- and y-variables, were used to high-
light the spectral changes related to the increasing PMIL. The
standardization of variables was performed by subtracting from them
their sample mean and by dividing it by its standard deviation. All the
spectral features changing in PCA and PLS-DA loadings appeared as the
most prominent also in this analysis, including the bands at ~1670 cm ™!
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(Amide I — o helices), ~1624 cm ! (Amide I — B sheets; creatinine and
urea), ~1576 cm ! (proteins), ~1419 cm ! (free AAs, free FAs, and
hyaluronic acid), and ~853 em ! (carbohydrates — lactate). Particularly
relevant appeared the contribution of the bands centered at ~1120 cm ™
(carbohydrates — lactate) and ~1043 cm ! (carbohydrates). In addition,
a prominent contribution was also attributed to the peak centered at
~740 cm ™}, assigned to the § C—H of tryptophan aromatic ring [63].

Finally, the Genetic Algorithm combined with PLS regression (GA-
PLS) was exploited for variable selection. The result, displayed as vari-
able usage plot (Fig. 6), confirmed what highlighted by the PLSR
regression coefficients plot and provided a clearer view of the subset of
variables that resulted to be the most relevant in the proposed regression
model. First and foremost, carbohydrates appeared as the most impor-
tant variables, as indicated by the peak centered at ~1043 cm™?
(glucose) and those at ~1120 cm ! and ~855 ecm ™! (lactate); a similar
relevance was reported for the peaks centered at ~1452 cm ™! (here,
mainly urea), ~1417 cm ™! (free AAs, free FAs, and hyaluronic acid), and
~1579 cm™! (proteins).

To confirm the latter results, a profile comparison was performed
between two infrared spectra obtained from the same VH sample, but
collected at different PMIs, i.e. 27.67 h and 72.00 h. Fig. 7 displays the
second derivative spectra, together with the difference spectrum.
Clearly, most of the variables identified as the most important by the GA-
PLSR procedure were also found by this simple comparison.

Altogether, the results obtained by the multivariate statistical ap-
proaches, besides confirming each other, are perfectly consistent with
some of the known biochemical changes occurring in VH after death
[2,10,31,32]. To more thoroughly investigate these modifications, the
1750-1500 cm ™}, 1300-950 cm ™}, and 950-720 cm ™! spectral ranges
were more deeply investigated. The comparison of the fitting results
obtained from Classes 1-5 is displayed in Fig. 8. The fitting parameters
of interest within the three spectral ranges are reported in Table S3
(Supplementary Material). Area values for each fitted peak was
compared among Classes 1-5, by a factorial analysis of variance (one-
way ANOVA), followed by Tukey’s multiple comparison test (Prism6,
Graphpad Software, Inc. USA).

It is well known that proteins are degraded within tissues after death,
following some crucial mechanisms, including for example the activity
of proteases [64]: in particular, it has been reported that the ATP-
independent calpain system is intensely triggered by the post-mortem
increase of intracellular calcium, leading to a significant increase of
proteolytic mechanisms [65]. This is confirmed by some spectral
markers identified by the statistical procedures performed, which
highlighted as among the most discriminant markers some bands assign
to this macromolecule category. For example, the area of the bands
centered at ~1660 cm™! and ~1578 cm ™! respectively attributed to
a-helix secondary structures and to proteins NH and CN bonds, de-
creases along with the increase of PMI: this could be related to the
general protein degradation previously described. This is confirmed by
the increase along increasing PMI of the integrated area of the band
centered at ~1418 cm ™! (data not shown), assigned to free AAs, which is
consistent with the proteolytic activity triggered post-mortem [65]. The
band centered at ~1630 cm ™!, besides being generally attributed to
B-sheet secondary structures of proteins [66], has also been reported to
be attributable to creatine, creatinine, and urea [60,61]: creatine derives
from the metabolism of some AAs, creatinine from the non-enzymatic
transformation of creatine, while urea is obtained by transformation of
the ammonia generated by the removal of the a-amino group in protein
catabolism [59]. In other studies, a good correlation was found between
PMI and creatine and creatinine levels in VH [67,68], while urea has
been reported to be more stable along PMI [59]. The reported results are
in accordance with this information, since a clear increase of the ~1630
cm ! band as a function of increasing PMI was found. Finally, a peculiar
behavior was reported for the band centered at ~740 cm™! which was
absent in Classes 1-3 and appeared in Class 4, doubling its values in
Class 5. This band can be assigned to the tryptophan (Trp) amino acid
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Fig. 8. Details of the curve fitting results in the 1750-1500 em ! (A-E), 1300-950 cm! (F-J), and 950-720 cm ! (K-0) spectral ranges for Classes 1-5 (each row
represents a class). The experimental spectra (empty dots) were deconvoluted by means of Gaussian functions (grey curves) obtaining the fitting curve (continuous

thick lines).

[63], which was found to be highly statistically correlated with PMI and
for this reason has been suggested as a useful tool to be taken into ac-
count in uncertain PMI cases [59,69]. Considering this interpretation,
our findings are perfectly consistent with literature.

Carbohydrates seemed to play a crucial role in discriminating
infrared spectra from VH samples at different PMIs. It is known that
glucose is present in VH and that it slowly decreases over short PMIs;

then, its levels are reported to remain stable for days and are coupled
with an increase in lactate concentration [59,70]. The most peculiar
infrared bands of glucose are reported to be centered at ~1035 cm ™! and

~83571 [71,72]: both these bands were found as discriminant in the

10

statistical procedures performed in this work, and the fitting analysis
showed no change for the first and a strong decrease for the latter, which
completely disappeared in Classes 4 and 5. As previously mentioned,
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lactate is known to increase in VH along with increasing PMI: after
death, given the oxygen absence, anaerobic glycolysis takes action, and
the obtained pyruvate is converted into lactic acid [59,73]; after lactic
acid increases in tissues post mortem, it can enter VH, due to the loss of
function of the haemato-retinal barrier [59]. Infrared spectroscopy re-
sults confirmed this information, since in all the statistical procedures,
the lactate-related bands were among the most prominent. In this light,
the band centered at ~1120 cm ™}, considered as the most specific for
this compound [71], after remaining constant in Classes 1-3, increased
in Classes 4 and 5; more notably, another lactate-related band, at
~1220 cm™!, was only present in Classes 4 and 5, with the latter
showing an increase of one order of magnitude. The band at ~780 cm !
is assigned more generally to carbohydrates, hence the absence of an
increasing or decreasing trend may be due to the contribution of
different species of compounds, including both glucose and lactate,
together with other glycosylated compounds.

Finally, the band centered at ~1080 cm™! appeared as relevant in
the discrimination of VH samples at different PMIs: it is attributed to
nucleic acids and the curve fitting procedure evidenced a slight
decrease. This result is consistent with the literature and may suggest a
process of fragmentation of nucleic acids within VH [2,31].

4. Conclusions

The present work reports the development of a new analytical
approach based on ATR-FTIR spectroscopy coupled with multivariate
statistical and machine learning procedures for assessing post-mortem
interval from vitreous humor. This is the first time that a similar
methodology has been applied on human samples for PMI assessment.
Vitreous humor is a very promising biological matrix; in fact, given its
isolated nature, which preserves it from contamination and delays
decomposition respect to other fluids and tissues, VH is very useful in
PMI evaluations during criminal investigations. Respect to other widely
employed biological matrices, like bone, PMI appears very useful in the
determination of short PMIs.

Several endogenous compounds are reported to be useful in this
analysis, but the advantage of using ATR-FTIR stands in its label-free
nature, which allows for the determination with one acquisition, at
the same time, and on the same sample, of more than one compound. In
fact, here our results display simultaneous mechanisms as relevant when
PMI progresses, such as protein degradation and lactate formation. In
this light, the present study strengthens the potentialities of ATR-FTIR
coupled with chemometrics and machine learning to study human bio-
fluids for several purposes. Moreover, this research represents a solid
proof of concept for the use of this approach for assessing PMI in forensic
investigations, which in the future will be strengthened by including a
higher number of samples and by taking into account a wider variety of
causes of death, with the final aim of creating a big reliable dataset of
infrared spectra to be computationally compared with unknown ones.
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