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Abstract

Postmortem interval (PMI) determination is one of the most challenging tasks in forensic
medicine due to a lack of accurate and reliable methods. It is especially difficult for late PMI
determination. Although many attempts with various types of body fluids based on chemical
methods have been made to solve this problem, few investigations are focused on blood samples.
In this study, we employed an attenuated total reflection (ATR)-Fourier transform infrared (FTIR)
technique coupled with principle component analysis (PCA) to monitor biochemical changes in
rabbit plasma with increasing PMI. Partial least square (PLS) model was used based on the
spectral data for PMI prediction in an independent sample set. Our results revealed that
postmortem chemical changes in compositions of the plasma were time-dependent, and various
components including proteins, lipids and nucleic acids contributed to the discrimination of the
samples at different time points. A satisfactory prediction within 48h postmortem was performed
by the combined PLS model with a good fitting between actual and predicted PMI of 0.984 and
with an error of £1.92 h. In consideration of the simplicity and portability of ATR-FTIR, our
preliminary study provides an experimental and theoretical basis for application of this technique
in forensic practice.
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1. Introduction

Determination of a postmortem interval (PMI), the time period between death and examination
of the deceased, is of great importance in forensic medicine, especially in homicide or
unwitnessed investigations[1]. PMI determination is helpful for narrowing the search of suspects
based on their locations at the time of death and reconstructing a crime scene. However, traditional
approaches that are largely based on postmortem changes in the corpse, such as algor mortis, livor
mortis, distribution of rigor mortis and turbidity of the cornea, are still unable to perform an
accurate and reliable PMI estimation[2] because they either solely depend on subjective
observations that can be misleading or are difficult to make an assessment during the late phase[3].
Thus, as one of the constant and central topics in forensic research, development of objective and
reproducible methods for PMI estimation is urgently needed, especially for late postmortem stages
(>24h) .

Numerous chemical techniques have been proposed in characterization of postmortem
changes in biological tissues, leading to the establishment of the field called
“thanatochemistry”’[4]. In this field, many efforts are directed towards biochemical examination of
different body fluids such as vitreous humor (VH), cerebrospinal fluid (CSF), pericardial fluid and
synovial fluid [5-8] because they are readily available at a crime scene or during autopsy. However,
few studies on PMI estimation are based on blood sample although it is commonly used in
forensic toxicology. Earlier studies showed that there was a linear relationship of high correlation
between a few parameters in blood samples and PMI [9, 10]. Afterwards, with the development of
more advanced biochemistry techniques, more and more substances in the blood samples at
different postmortem time points can be monitored in vivo and in vitro [11] . Notably, Takako and
his colleagues recently construct a PMI prediction model based on multiple metabolic products in
rat plasma detected by a GC-MS/MS-based metabolic method. The model is validated by an
independent sample set and obtains a satisfactory prediction result[12], which suggests that PMI
estimation methods based on broader chemical components may be more powerful than those

using only single or a few parameters. Taken together, previous studies support the use of blood
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sample (including whole blood, serum and plasma) as a promising candidate for PMI delimitation.

Attenuated total reflectance-Fourier transform infrared (ATR-FTIR) technique is a valuable
bio-analytic tool according to vibrational motions of functional molecular groups. It has been
widely applied in biomedical and life science due to its many advantages in the study of biological
specimens. In contrast to other analytic techniques, ATR-FTIR can offer rapid, cost-effective and
high-quality chemical analysis with simple or no need of sample preparation[13, 14]. It is already
known that biological tissues contain a variety of macromolecules including protein, lipid, nucleic
acid and carbohydrate, all of which have particular absorption bands in the infrared frequency
domain. Therefore, the ability of ATR-FTIR to simultaneously probe multiple compositions and
structures of biomolecules provides an ideal platform for biochemical investigations. Meanwhile,
the utility of chemometrics enables the technique to identify subtle spectral differences associated
with various physiological and pathological processes and then converts that information into a
predicated classifier or discriminator. Currently, there are several papers reporting the
investigations of different physiological and disease states in blood components using ATR-FTIR
coupled with chemometrics [15-18].

Our work is focused on the characterization of postmortem changes in biological tissues with
the ATR-FTIR technique in order to determine the time after death. In our previous studies, it has
been demonstrated that various absorption intensities or area ratios in an infrared spectrum are
strongly correlated with PMI in human and animal tissues including brain, kidney cortex, cardiac
muscle and lung [19-23] . However, these studies did not make full use of ATR-FTIR for PMI
delimitation because only a few parameters were taken into consideration.

In this study, we utilized ATR-FTIR to interrogate rabbit plasma harvested at different time
points within 48h postmortem. The obtained spectral datasets were analyzed using principle
component analysis (PCA) in order to visualize classification of different postmortem time points
and determine distinguishing spectral features. Partial least square (PLS) classification models
based on the resulting spectral dataset were then built and validated by an independent sample set

which was not included in the modeling dataset.

2. Materials and methods

2.1 Animal experiments and sample preparation
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The study was conducted in strict accordance with the recommendations in the Guide for the
Care and Use of Laboratory Animals of Xian Jiaotong University. The protocol was approved by
the Committee on the Ethics of Animal Experiments of Xian Jiaotong University. All surgery was
performed under sodium pentobarbital anesthesia, and all efforts were made to minimize animal
suffering. A total of 105 male Japanese white rabbits weighing 2-2.5 kg were bought from Xian
Laboratory Animal Research Center (Xian, China). All animals were acclimatized for three days
before experiments and were exposed to a 12h-light-dark cycle with free access to water and
standard diet. The rabbits were sacrificed by injection of the air into the auricular vein after

anesthesia. The corpses were then placed in an environmental chamber at a constant temperature
of 25 °C and relative humidity of 40%. Blood samples were collected from the right ventricle of

the heart, and plasma was rapidly harvested by centrifugation at 14000 rpm for 15min. Plasma
samples were then quickly frozen in liquid nitrogen until FTIR analysis.

All rabbits were divided into calibration and validation groups. In calibration group, the
plasma samples from 81 rabbits were collected at Oh, 6h, 12h, 18h, 24h, 30h, 36h, 42h and 48h
postmortem respectively (9 rabbits per time point), whose spectral variables were used to establish
PLS models and for chemical analysis of PCA. Moreover, it was essential to create the validation
group, whose PMI were not included in the calibration group, for assessment of the developed
PLS model. Therefore, the plasma samples of the remaining 24 rabbits were additionally collected
from 3h to 45h at a 6h interval (3 rabbits per time point).

2.2 ATR-FTIR spectroscopic measurement and quality control

After thawing on an ice bath, approximately 100 ul plasma for each animal was shaken by a
vortex mixer, and then mixed repeatedly using a micropipettor before FTIR measurement. 1uL of
each sample was deposited exactly on a 250um-diameter ATR diamond window (Smart Orbit

Diamond ATR, Thermo Fisher, USA).The drops were placed naturally in a temperature-controlled
laboratory (37°C) for 20 min, and then dried sufficiently by an air dryer for about 30s. This

procedure was completed by the same analyst. The spectra were obtained within the frequency
range of 4000-900cm™ at a resolution of 4cm™, 32 scans and 2 zero filling factors using a Nicolet
5700 FTIR spectrometer (Thermo Scientific Nicolet, CA). The background spectra collected on

the clear ATR window under the same acquisition condition were automatically subtracted from
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the spectra of each sample. To get rid of atmospheric water vapour, we kept the indoor relative
humidity under 20 % using a dehumidifier. The spectra from 9 independent aliquots of one sample
were recorded to check its reproducibility and to evaluate possible errors resulting from the
instrument’s working state and manual sample loading. It took about 30s for the collection of each
spectrum. Moreover, a quality test was run to remove raw spectra that had poor signal-noise ratio
and maximum absorbance value outside the range of 0.3-0.5. If the spectra do not pass the test,
repeated spectra from the same sample were obtained under the same acquisition mode. Following
this, 9 replicates were averaged to produce a spectrum for one animal, and this procedure was
repeated for all animals. Moreover, the standard deviations of the spectra from the same sample
and PMI group were also calculated for assessment of within-sample and within-group variations.
2.3 Data pre-processing

The raw absorbance spectra which had passed the quality test were further pre-processed by
Matlab R2014a (MathWorks, U.S.A) equipped with PLS Toolbox 8.1.1 (Eigenvector Research,
Inc.). The raw spectrum was converted into a second derivative with Savitzkmxy-Golay algorithm
(23 smoothing points) and then normalized by the extended multiplicative signal correction
(EMSC) for resolving overlapped peaks and correcting baseline offset. The second derivative
FTIR spectra before and after the EMSC correction are shown in Fig. S1. The interference region
from the diamond ATR crystal (1790-2750 cm™) was excluded for all the spectra because this
region does not contain any characteristic peaks of blood[24, 25].

2.4 Multivariable statistical analysis

The PCA and PLS algorithm based on the processed second derivative spectra within the
bio-region from 1800-900 and 3100-2800 cm™ were also established by Matlab R2014a
(MathWorks, U.S.A) equipped with PLS Toolbox 8.1.1 (Eigenvector Research, Inc.).

PCA was employed to explain the covariance structure of data by using a small number of
components which is a linear combination of original variables[26]. Specifically, PCA extracts a
set of correlated variables, and then transforms them into a smaller set of uncorrelated variables
referred to as principle component (PC), while maintaining as much of the information in the
original data as possible. The classification information is expressed by the projection of the
samples on a set of orthogonal PCs, and the contribution of variables into it can be evaluated by

loading plots associated with corresponding PCs. In this study, leave-one-out cross-validation (CV)
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was performed, and eight PCs were selected for initial PCA decomposition. The two dimensional
score plot along PC1 versus PC2 and corresponding loading plots were graphed in order to
identify the potential spectral features for PMI estimation.

The model of simple partial least squares (PLS 1) was established for PMI prediction. Unlike
PCA, this supervised model can extract simultaneously components (referred to as latent factors)
from the predictor variables X and the response variables Y for constructing a predictive model. In
this study, the predictor variables X corresponded to the matrix of spectral intensity while the
response variables Y were associated with PMI values. As reported previously, the performance of
the models were evaluated based on two validation procedures including internal and external
validations[27, 28]. For the internal validation procedure, leave-one-out cross-validation (CV)
were performed using the calibration dataset through the root mean square error of CV (RMSECV)
and R?. In the external validation, the developed models were assessed using the validation dataset
that were not included in the calibration process through Q? and the root mean square error of
predication (RMSEP). R? and Q® explained the goodness of fitting between actual and predicted
values in the model, and the value above 0.9 was considered very good. The optimized number of
latent factors was determined when the minimum value of R was reached. RMSECV and RMSEP
generally represented the global model error and should be as small as possible. The regression
loading plots were graphed as a function of spectral frequency in order to visualize the importance

of the spectral variables to the model.

3. Results and discussion

In order to enhance spectral reproducibility and quality, the spectra from one sample were
collected by only one analyst under the same laboratory conditions. Moreover, it is essential to
perform a quality test for restricting within-sample and within-group spectral variations. Notably,
our pre-experiment found that poor signal-noise ratio, Mie-scattering and variability of replicated
spectra became more evident when the maximum absorbance in one spectrum was below 0.3.
Therefore, the lower limit was set to this value. An example of similar spectra from a sample was
illustrated in Fig.S2, where comparable 9 replicated spectra were observed with minor standard
deviation and were not affected by the resonance Mie scattering and water vapour. The mean

spectra with their standard deviations in all PMI groups were shown in Fig.S3, where the
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maximum absorbance differences within the group was close to 0.05, which was far below the
error margin of the quality test.

A comparison of the average second derivatives of FTIR spectra for the plasma of all PMI
groups was presented in Fig 1, where the negative peaks were directly aligned to the center of the
absorbance peaks of the non-derivative spectrum. The assignment of the main absorption bands
was summarized in Table 1. The spectra contained several bands due to vibrations of different
functional groups of biomolecules such as protein, lipid, carbohydrate and nucleic acid. This
demonstrates that different biological components in the plasma can be discriminated by the
ATR-FTIR experimental technique. Furthermore, it is clearly seen from the figure that all FTIR
spectra appear to overlap in the frequency region of 1800-900cm™ and 3100-2800cm™ with
fluctuations in some peak intensities among PMI groups. This finding suggests that it is nearly
impossible by visualization of intensity changes in a single or a few absorption peaks to
distinguish PMI groups due to the complexity and heterogeneity of postmortem changes. For a
clear and objective assessment of spectral variance across the studied PMI groups we employed
multivariate data analysis by PCA, whose scores and loading plots reveal subtle changes
appearing in the plasma over the postmortem time.

3.1 Characterization of biochemical changes in the plasma by PCA

In our study, PCA scores plot (see in Fig. 2A) was obtained along PC 1 versus PC 2 because
the two PCs explained most variances (94.5%) of the original data and showed a desirable
classification between the PMI groups. Fig. 2A illustrates that spectral points are clustered based
on their PMI groups and positioned from left to right with increasing postmortem time points
along PC1. This demonstrates that postmortem compositions in the plasma vary significantly
between time points, and the biochemical changes are time-dependent. Due to the distribution of
PMI groups along PC 1, its loading plot demonstrates spectral features which contribute greatly to
the discrimination of plasma samples at different postmortem time points (see in Fig 2B). In Fig.
2B, the loadings from positive to negative values appear to indicate a general evolution of plasma
compositions with development of postmortem changes. The largest alterations were associated
with proteins within 1700-1500cm™. The discriminating positively correlated loadings were found
for the antemortem group at 1633 cm™ and 1515cm™ (corresponding to C=0O vibrations of B-sheet

of proteins and C-C vibration of tyrosine, respectively) [29-31] whereas negative loadings,
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characteristic for alterations with increasing PMI, include 1650 cm™ and 1547 cm™, both of which
represent a-helical structures [29-32]. This suggests that the proteins rich in a-helix structures
become predominant in the plasma as the postmortem time progresses. This finding is likely to be
associated with hemoglobin impregnation into the plasma because hemoglobin is charactrised by
a-helical content with a prominent absorption peak around 1650 cm™[33, 34]. However, there
have been no studies which confirm whether it is meaningful for PMI determination. Moreover,
we also cannot exclude the possibility that other proteins with similar secondary structures would
be responsible for these spectral features. Indeed, numerous studies have proposed that some
specific proteins or their degradation products in multiple biological specimens may serve as
biomarkers for PMI estimation.[35-38]. Nevertheless, there is so far a lack of parallel
investigations on animal or human blood specimens. Therefore, our FTIR analysis demonstrates
that some proteins with predominant a-helix structures could be associated with differences of
plasma compositions at different postmortem time points.

Our study also reveals a shift of ester C=0 stretching motions from 1744 to 1715cm™. Since it
is found that the band around 1709 cm™ originates from C=0 stretch vibration of fatty acids[18],
this shift suggests the occurrence of lipid decomposition in the plasma. Interestingly, this finding
was not supported by the presence of distinctly negative loadings at 1564 cm™ and 1399 cm™.
Both the absorption bands have been assigned to asymmetric and symmetric vibrations of COO’
for free fatty acids previously [31, 39]. However, some studies point out that infrared COO
stretches also correlate with coordination of proteins to metal ions such as Ca®* and Mg** [40, 41].
Therefore, the observed strong positive loadings related to COQO" stretching vibrations perhaps
imply diminishing interaction of plasma proteins with metal ions, which reflects functional and
structural changes of certain enzymes in the postmortem plasma.

The PC1 loading plot shows that the discriminating spectral variables in the high-wavenumber
region were also associated with lipid degradation because they primarily originate from C-H
stretches in the hydrocarbon chains of lipid. The loading profiles within this region were
characterised by positive loading for CH, content (at 2925 cm™ and 2852cm™) and negative for
CHs content (at 2864cm™ and 2955cm™) [31, 32]. Few studies investigate the relationship
between lipids in the plasma and PMI as a result of their substantial fluctuation over time.

Nevertheless, it has been shown that there is a significant postmortem decrease in triglyceride
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concentration up to 72h after death which is attributable to hydrolysis by lipoprotein lipase but
cholesterol concentration has some fluctuations[42]. In short, the weak lipid-associated loadings
suggest that the lipid alterations in the plasma may be related with PMI to some extent.

The other wavenumbers responsible for the separation were positively correlated with loadings
at 1237, 1115, 1080, 1029, 983 and 926 cm™ respectively. Since these bands are generally specific
for C-O and P-O vibrations of carbohydrates and nucleic acids [29, 31, 32, 39, 43], our results
may be related to degradation of both the macromolecules over the postmortem time. It has been
reported that DNA fragmentation is a very valuable parameter for PMI assessment. This process
continues at a constant rate for 3 days if the cadavers are unaffected by external factors[44-46].
Additionally, evidence shows that a longer PMI has widely varying effects on gene transcription
with a generally decreasing trend, and many forensic laboratories have monitored RNA
degradation to estimate PMI [3, 47, 48]. The alteration may be reflected here by a detectable
positive loading at 1115cm™, typical for C-O vibration of RNA[18] . With regard to carbohydrates,
glycemia is recognized to be unsuitable as a biochemical parameter for PMI estimation in the
forensic community because its blood concentration has unpredictable fluctuations after death[49].
Therefore, other types of carbohydrates or their metabolic products would be responsible for the
observed loading pattern below 1300 cm™ frequency region.

Our study reveals that the molecular vibrations from multiple biological components were
correlated with the separation of plasma samples collected at different PMIs. However, it should
be emphasized that signal intensity in a second derivative spectrum is mainly caused by curvature
of the absorbance spectrum rather than concentration of a certain component. Therefore, it is still
necessary to quantify relevant concentrations in the plasma in the further investigation after FTIR
analysis based on the second derivative spectra.

3.2 PMI delimitation by PLS model

As presented in the PCA results, postmortem changes of multiple substances in the plasma that
are involved in PMI distinction can be detected in a FTIR spectrum with the range of 1800-900
and 3100-2800 cm™. Therefore, the next step of this study was to develop a PLS model for
accurate PMI estimation based on that spectral information. Fig 3A illustrates the CV results for
the model with 0-48h which had a good predicted ability as reflected by R? above 0.9, but with a

relatively high error (RMSECV: +£2.53 h). Furthermore, it seemed that spectral points at 24h
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onwards can be differentiable from those in the range from 30 to 48h, indicating a significant
component variance of the plasma between the two time periods. Therefore, considering the
influence of the variation in the postmortem process on the model precision, we built two
individual PLS models for PMI from 0-24h and 24-48h respectively. In Fig 4 A-B, it is expected
that these two models have better performance with lower RMSECV (+1.27h for 0-24h; +1.84h
for 24-48h).

To obtain information on which wavenumbers have the most influence on each PLS model,
regression loading of three models ( including 0-48h, 0-24h and 24-48h) for factor 1 against
wavenumber were plotted in Fig 3B and Fig 4C-D respectively. The positive and negative bands
in this plot are important in generating linearity in the model. In our study, the patterns of
regression loadings for the three models are almost similar to the major bands observed in PCA
loading plots, and thus the linearity of the model primarily comes from real spectral changes rather
than artifacts such as baseline modulations or noise.

Despite the use of CV in the calibration, the challenge of the model is the accurate
identification of unknown spectral data due to high intra-species biodiversity and the limited size
of training/calibration samples. Meanwhile, considering forensic practicality for PMI estimation, it
is impossible to include spectral data from all postmortem time points in PLS modeling. Thus, a
crucial step after model calibration is an external validation with an independent dataset of spectra
whose time points are not included for calibration. Furthermore, in order to make more precise
estimations, the prediction strategy was based on the following steps: firstly, the PLS model for
0-48h was applied for separating samples collected before and after 24h postmortem; secondly,
further PMI estimation was performed by corresponding sub-models for 0-24h and 24-48h based
on the first approximate evaluation. The current study shows that the model for 0-48h achieved a
complete segregation of samples obtained before 24h postmortem from the remaining ones as
shown in Fig 5A. Fig 5B shows the relationship between actual and predicted PMI by both the
sub-models, and a satisfactory prediction, except for 27h, was obtained with Q2 and RMSEP
values of 0.984 and +1.92h respectively.

Based on the data from previous investigations, a comparison of the present method with other
reported methods was summarized in Table 2. In our work, the predictive error in the validation

dataset is quite lower than those of most reported methods. However, this doesn’t mean that the
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FTIR technique is considered more efficient due to different sample species. More importantly,
some postmortem factors (i.e. temperature and humidity) which could affect the process of global
chemical changes was not taken into account in the current study. Therefore, further work would
be primarily focused on evaluating influence of these factors on PMI estimation, especially to

human samples.

4. Conclusions

To the best of our knowledge, this is the first study demonstrating that FTIR vibrational
spectroscopy can be employed as an easy and rapid method for assessment of biochemical
changes in rabbit plasma with increasing PMI. Multivariate data analysis may prove to be useful
to identify the subtle spectral changes as postmortem changes progress. The finding of this work is
helpful to better understand postmortem biochemical changes, which has great significance to
evaluate the quality of biological samples for forensic toxicology and biochemical test.
Nevertheless, it is obvious that matching experiments on biochemistry and molecular biology are
still required in order to further determine the origin of these spectral profiles in the postmortem
plasma.

Subsequently, we attempted to establish PLS models based on spectral information obtained
here for PMI estimation, and the results showed a satisfactory prediction validated by an
independent sample data on the whole. It has been reported that portable ATR-FTIR instruments
have been commercially available which yield spectral knowledge almost similar to those
obtained from the benchtop instruments [55]. This demonstrates the potential of the spectroscopic
method proposed here as a complementary tool to determine PMI in situ with biofluids collected
at a crime scene. Therefore, our preliminary study as a starting point provides an experimental and

theoretical basis for future practical research.
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Figure Legends

Fig 1. FTIR average second-derivative spectra of different PMI groups in the range of
900-1800 and 2800-3100 cm’™.

Fig 2 The results of PCA analysis applied to second derivative spectra of different PMI
groups in the 3100-2800 and 1800-900cm™ regions. (A) A two-dimensional score plot along
PClverus PC2. (B) The PC1 loading plot is displayed where the loadings from positive to

negative values represent spectral changes with increasing PMI from 0 to 48h.

Fig 3 The results of cross validation based on calibration samples from 0 to 48h. (A) A
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regression plot between actual and predictive PMI. (B) Corresponding regression loading plot for

latent factor 1.

Fig 4 The results of cross validation based on calibration samples from 0-24h and 24-48h
respectively. (A-B) Regression plots between actual and predictive PMI for the two models. (C-D)

Their corresponding regression loading plots for factor 1.

Fig 5 The prediction results performed by developed PLS models in a validation dataset. (A)
Prediction result for PMI groups before and after 24h postmortem by the PLS model for 0-48h.
The black dot line represents the classification threshold at 24h. A complete separation between
the two postmortem time ranges can be observed. (B) Regression relationship between actual and
predictive PMI for external prediction in independent validation sets. This prediction is performed

by sub-models for 0-24h and 24h-48h upon approximate evaluation of model for 0-48h.
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Table 1

Table 1 Positions of the bands (cm™) with their assignments observed in second derivative FTIR
spectra of the plasma studied here

Frequency (cm™) Assignment
1300-900 Region Dominated by phosphate groups and carbohydrates
C-0 and C-C vibrations
~925
PO,* of nucleic acids
~ 088
C-O stretching vibration
~1034
symmetric vibration of PO’
~ 1080
C-O vibration of RNA
~ 1115
asymmetric vibration of PO,
~ 1236
1700-1300 Region Dominated by proteins
amide 111 band
~ 1306
symmetric vibration of COO
~ 1397
C-H bending from CH3
~ 1454
C-H bending from CH,
~ 1468
C=C vibration of the tyrosine
~ 1514
amide Il band
~ 1541
asymmetric vibration of COO"
~ 1584
B-pleated sheet structures of protein, Amide |
~1634
a-helical structures of proteins, Amide |
~ 1650
3050-2800 Region Dominated by CH stretches from lipid and proteins
C=0 stretch of esters
~1738
symmetric C-H stretch from CH,
~ 2852
symmetric C-H stretch from CH;
~ 2872

asymmetric C-H stretch from CH,
~ 2922



asymmetric C-H stretch from CHj;
~ 2956




Table 2

Table 2 Comparison of the present method with previous methods for PMI estimation

Year Sample Methods Parameter Max RMSEP Ref
PMI (h)
2002 Human Vitreous Capillary zone Electrolyte concentrations 144 +3.06 [50]
humor electrophoresis
2013  Human eyeball Thermometer Temperature 5.25 +0.51 [51]
2015 Rat plasma GC/MS Metabolite concentrations 48 +3.41 [52]
2016  Mouse muscle GC/IMS Metabolite concentrations 48 1+2.65 [53]
2016  human blood Immunoanalyzer Insulin concentration 24 +3.16 [54]
Rabbit plasma FTIR spectroscopy FTIR spectra 48 +1.92 Present study
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