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A B S T R A C T

The classification of the manner of death (MOD) is a critical step in forensic investigations. The process is based 
on scene investigation, autopsy, histological and toxicological findings. However, in complex suicide cases, these 
findings may be insufficient to clearly establish the MOD and need potential biomarkers to assist judicial de
terminations. This study aims to identify specific biomarkers in the blood that could distinguish suicide from the 
non-suicidal deaths group. Heart blood samples were collected from suicide (n = 45) and non-suicide cases (n =
45) and metabolomic profiles were analyzed using proton nuclear magnetic resonance spectroscopy. Nineteen 
blood metabolites were significantly different between the groups (p < 0.05); especially, 4-hydroxyproline, 
sarcosine and heparan sulfate emerged as potential biomarkers for differentiating between the groups. A logis
tic regression-based predictive model incorporating sarcosine and heparan sulfate achieved sensitivity and 
specificity values of 73 % and 72 %, respectively. The integration of machine learning with blood metabolomics 
holds significant potential in forensic science and may apply to the model to adopt in criminal justice.

1. Introduction

Suicide is a significant global public health issue and more than one 
in every 100 deaths result from suicide [1]. It is estimated that 700,000 
to 750,000 people died by suicide each year [2]. After death, an autopsy 
is often performed to determine the cause of death and the manner of 
death. In most jurisdictions, the manner of death is generally classified 
into one of five categories including homicide, suicide, accident, natural 
and undetermined. Accurately determining the manner of death is an 
essential process for the victim’s family, law enforcement, research, 
public health policy and insurance matters [3–6].

Over 90 % of suicide cases involve psychiatric disorders, substance 
abuse, anxiety disorders and schizophrenia [7]. Underestimates the true 
impact of suicide, as many cases are misclassified as unnatural or un
determined deaths [7]. Sometimes, relatives may alter the scene to 
obscure the true nature of the event due to religious or insurance-related 
reasons [8]. Conversely, homicides may be staged to resemble suicide, 
complicating forensic analysis and the determination of the manner of 

death [9]. The undetermined classification is used when insufficient 
information regarding the circumstances surrounding the death is 
available [3].

Signs of a struggle, suicide notes, closed-circuit television (CCTV) 
footage, autopsy and laboratory findings to make their determinations 
are circumstantial evidence for facilitating determination of the manner 
of death. However, suicide cases frequently occur in secluded locations 
where evidence is limited. Suicide notes are rare and may not reliably 
confirm intent [8]. This can lead to questions from relatives, law 
enforcement, and legal professionals, especially in cases involving in
dividuals without a history of psychiatric illness or stress. Relatives may 
reject a suicide conclusion and sometimes allege homicide, which can 
cast suspicion on the last person to have interacted with the deceased. 
Therefore, an accurate manner of death determination is essential for 
establishing the truth and ensuring justice.

Biomarker discovery has emerged as a critical area of research, 
aiming to identify unique characteristics indicative of specific diseases 
or conditions. Recent advances in metabolomics, the study of small 
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molecules involved in metabolic processes, allow researchers to explore 
biochemical changes associated with various pathological conditions to 
identify disease biomarkers [10]. Machine learning has developed to be 
a valuable tool for improving suicide prediction in psychiatric patients. 
Predicting suicidal behaviors is difficult because of the lack of clear 
psychiatric biomarkers and the low predictive power of individual risk 
factors [11]. In forensic science, studies have increasingly combined 
machine learning and metabolomics to enhance death investigations, 
including estimating the post-mortem interval (PMI) and determining 
the cause of death [12–14]. In recent years, the integration of machine 
learning and metabolomics has significantly advanced forensic science, 
particularly in determining the cause and manner of death. For instance, 
studies have demonstrated the potential of combining metabolomics 
with machine learning algorithms to estimate postmortem submersion 
intervals and differentiate causes of death [15]. Additionally, the 
application of machine learning techniques to postmortem metabolomic 
data has been shown to enhance the accuracy of postmortem interval 
predictions [14]. These approaches highlight the value of integrating 
advanced computational methods with biochemical analyses to improve 
forensic investigations.

However, no study has explored the combination of machine 
learning and manner of death prediction. This study aims to investigate 
potential machine learning models to classify suicide and non-suicide 
using Blood Metabolomics.

2. Materials and methods

2.1. Chemical and reagents

Acetonitrile, deuterium oxide (D2O) and 3-(trimethylsilyl)- [2, 2, 3, 
3-d4]-1-propionate sodium salt (TSP) were purchased from Sigma- 
Aldrich (St. Louis, MO, USA).

2.2. Subjects and study design

This study was approved by the Ethics Committee of the Faculty of 
Medicine, Chiang Mai University, Thailand (the study code: FOR-2566- 
0234). Informed consent was obtained from close relatives before 
specimen collection. Autopsy cases performed at the Department of 
Forensic Medicine, Faculty of Medicine, Chiang Mai University from 
June 15, 2023, to May 31, 2024, were included in this study. The in
dividual crops aged greater than 60 years, inconclusive manner of death, 
decomposition and being unable to collect heart blood samples were 
excluded. The study groups consisted of suicide (n = 45) and non-suicide 
groups (n = 45). The flow chart of the sample selection process is 
demonstrated in Fig. 1.

2.3. Collection and preparation of heart blood specimens

Three milliliters of heart blood sample were collected in a heparin 
tube and stored at − 80 ◦C before analysis. The samples were extracted 
with acetonitrile following the Somtua method [16]. Briefly, one mL of 
the blood sample was transferred into a plastic tube and extracted with 
3 mL of acetonitrile. The solution was shaken using a Mix Mate 
(Eppendorf, Hamburg, Germany) at 2000 RPM, 25 ◦C, for 10 min. The 
supernatant was separated and lyophilized. The dried sample was 
re-dissolved with 0.6 mL of 0.1 mM TSP prepared in D2O. Metabolite 
levels were measured using a 500 MHz NMR, employing a technique to 
water suppression.

2.4. Acquisition parameters

The proton NMR (1H NMR) spectrum was determined on a Bruker 
AVANCE 500 MHz instrument (Bruker, Bremen, Germany) equipped 
with a Carr-Purcell-Meiboom-Gill (CPMG, RD-90◦, (t-180◦), n-acquire) 
pulse sequence for 1H NMR measurements. Spectra were acquired at 

27 ◦C using water suppression pre-saturation, with the following pa
rameters: 16 scans, a 1-s relaxation decay, a 3.95 s acquisition time, an 
8278.146 Hz spectral window, a 0.126 Hz resolution for free induction 
decay (FID) and a 60.40 μs dwell time (D.W.). A 90◦ pulse was applied 
with 16 signal averages (NSAs). Baseline and phase corrections were 
performed using TopSpin 4.0.7 software. Spectra analysis ranged from 
0.00 to 12.00 ppm, with data normalized to the total integrated area. 
Metabolite resonances were identified using human metabolome data
bases [17] and TSP was used as an internal standard to quantify 24 
energy-related metabolites across all samples.

2.5. Internal standard and quality control

The TSP was selected as the internal standard which is distinctively 
located at 0.000 ppm and emerging from an area of higher magnetic 
field intensity compared to other protons. Quality control (QC) samples 
were prepared by combining 200 μL from each blood sample. The 
pooled samples were then aliquoted for QC analysis. These QC samples 
underwent the same processing as the primary samples, following all 
previously described steps. The analysis of non-targeted metabolites was 
conducted using the specified methods.

2.6. Peak assignment and chemical identification

Each chemical compound was identified using the Human Metab
olome Database (HMDB), accessed in June 2024. Peak acquisition and J- 
coupling analysis were conducted using Bruker TopSpin software, 
version 4.0.7. The NMR spectra were interpreted based on chemical shift 
values, spin-spin coupling, signal patterns, and coupling constants. Non- 
targeted metabolites were matched and the chemical shift of the center 
peak varied to 0.01 ppm against the HMDB database.

2.7. Calculation of non-targeted metabolite concentration by quantitative 
NMR

The data were imported into MNOVA Software (version 12.0.0, 
MestreLab Research, Spain) for intensity identification. The TSP peak 
was adjusted and calibrated at 0.000 ppm and then, the intensity of the 

Fig. 1. The flowchart demonstrates the sample selection process based on the 
inclusion and exclusion criteria.
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209 spectra in the chromatogram were identified. After collecting the 
peaks, the intensity of all metabolite peaks was converted to concen
trations using the equation [18] which is shown below: 

IA

IB
=

HA

HB
×

CA

CB 

where IA = the intensity value of the chemical, IB = the intensity value of 
TSP, HA = the number of hydrogen atoms in the metabolite, HB = the 
number of hydrogen atoms in TSP (HB = 14), CA = the concentration of 
the metabolites and CB is the concentration of TSP (μM).

2.8. Analysis of specific blood metabolomic predictors

The MetaboAnalyst 6.0 free online tool, accessed on September 1, 
2024, was utilized for metabolomics data analysis. Before data analysis, 
two classes, non-negative numbers for the compound concentrations or 
peak intensity values, and missing value imputations were checked. The 
data were normalized using quartile, log-transformed (base 10), and 
auto-scaled for data scaling. Partial-least square discriminant analysis 
(PLS-DA) was performed to understand metabolite differences between 
suicide and non-suicide groups. The Importance measure was analyzed 
by using the variable importance in projection (VIP). Wilcoxon rank- 
sum tests were analyzed by selecting equal group variance, non- 
parametric tests, raw, and a p-value threshold of 0.05 to identify sig
nificant metabolite differences between suicide and non-suicide groups. 
In this step, the program automatically calculated the p-value and false 
discovery rate (FDR). The study employed Receiver Operating Charac
teristic (ROC) curve analysis to evaluate the specific biomarkers to 
distinguish between the groups. The ROC curve is widely regarded as an 
effective evaluation method, as it offers a comprehensive, threshold- 
independent, and visually intuitive approach to assessing the discrimi
native power of the biomarkers. The power of the biomarkers is pro
vided from the area under the curve (AUC) as a single, interpretable 
overall performance metric [19,20]. The AUC was calculated to evaluate 
the specific biomarkers for distinguishing between the suicide and 
non-suicide groups using classical univariate ROC curve analysis.

2.9. Model performance development

From the classical univariate ROC curve analysis, metabolites which 
had values greater than 0.7 (p < 0.05) were selected and matched for 
generating prediction models. The ROC curve-based model evaluation 
(Tester) was conducted to develop the suicide prediction model using a 
logistic regression algorithm. Then, 10-fold cross-validation, a subtype 
of resampling methods, was utilized to evaluate the reliability of the 
prediction models and prevent overfitting [21]. The values of sensitivity 
and specificity were evaluated for model performance. MetaboAnalyst 
6.0 was used to perform all analyses for model performance 
development.

2.10. Metabolic pathway impact assessment

Pathway analysis was performed using the MetaboAnalyst 6.0 online 
platform, accessed on February 1, 2025. After data normalization, 
following the same protocol used in the analysis of specific blood 
metabolomic predictors, the KEGG pathway-based metabolite set library 
was selected. The parameter settings included selecting Scatter Plot as 
the visualization method and Mammals (Homo sapiens, KEGG) as the 
pathway library.

2.11. Statistical analysis

After data processing, Data are presented as quartiles. Normality was 
assessed using the Kolmogorov-Smirnov test. The central tendency dif
ferences between the two groups were analyzed by Wilcoxon rank-sum 

tests in MetaboAnalyst6.0, as described above. The Chi-square test was 
applied to analyze categorical variables, including sex, non- 
communicable diseases (NCDs), psychiatric disorders, illegal drug 
users, and ethanol drinkers, to identify differences in demographic data 
of participants between suicide and non-suicide groups. An independent 
samples t-test was used to assess differences in age and BMI between the 
two groups.

3. Results

3.1. Demographic data of participants

Ninety cases were separated into two groups: the suicide group (n =
45) and the non-suicide group (n = 45). In the suicide group, the causes 
of death included hanging (56 %), carbon monoxide poisoning (22 %), 
pesticide intoxication (11 %), gunshot injury (4 %), falls from height (4 
%), and exsanguination (3 %). The non-suicide group consisted of ho
micide, natural death, and accidents. Psychiatric disorders are identified 
based on medical history, information provided by close relatives or the 
quality of psychiatric medications in the blood samples. The number of 
males, age, body mass index (BMI), non-communicable diseases (such as 
diabetes mellitus, hypertension, and dyslipidemia), exposure to illegal 
drugs (especially methamphetamine and THC), and alcohol use among 
the groups were not different between the two groups. In this study, 17 
cases of psychiatric disorders were observed in the suicide group and 7 
cases in the non-suicide group. The number of psychiatric disorders was 
significantly higher in the suicide than in the non-suicide group. The 
findings are presented in Table 1 and Supplementary Table 1.

3.2. Identification of specific blood biomarkers associated with suicide 
cases

The multivariate datasets of each group were analyzed using partial 
least squares discriminant analysis (PLS-DA), with results shown in 
Fig. 2(a). PLS-DA component 1 (8 %) is represented on the X-axis, and 
component 2 (11.2 %) on the Y-axis. There are some separate areas of 
metabolic profiles between the suicide and non-suicide groups. Thus, 
variable importance in projection (VIP) scores were used to investigate 
the specific metabolites between the groups. The metabolites which had 
VIP scores greater than 1.0 were considered as potential biomarkers. The 
top 15 VIP score value of metabolite including 4-hydroxyproline, sar
cosine, heparan sulfate, pyridoxamine, biopterin, citrulline, 5-carboxy
cytosine, triglycerides, malic acid, cytidine, thymine, N-acetyl-D- 
glucosamine, epinephrine, and L-histidine are shown in Fig. 2(b). The 
PLSDA of cause of death are presented in Supplementary Fig. 1.

The differences in levels of metabolites between the groups were 
compared by a t-test. Significantly nineteen metabolites were presented 
(p < 0.05) and the details are shown in Table 2. From FDR (q-value), 4- 
hydroxyproline and sarcosine were significantly decreased in suicide 
cases, while heparan sulfate was significantly increased (p < 0.001 and 

Table 1 
Characteristics of suicide and non-suicide groups.

Variables Suicide Non-Suicide p-value

(n = 45) (n = 45)

Sex: Male (%) 32 (71 %) 36 (80 %) 0.33
Age (year-old) 41 ± 9.9 40.2 ± 12.4 0.49
Body mass index (kg/m2) 23.08 ± 4.39 24.37 ± 4.86 0.19
Noncommunicable diseases 12 (26.7 %) 7 (15.6 %) 0.20
Psychiatric disorder 17 (37.8 %) 7 (15.6 %) 0.02*
Illegal drugs users 3 (6.7 %) 8 (17 %) 0.11
Ethanol drinkers 20 (44.4 %) 16 (35.6 %) 0.40

Continuous variables are presented as mean ± standard deviation (SD) and p- 
values were calculated using the independent samples t-test. Categorical vari
ables are presented as numbers in each group, and p-values were calculated 
using the chi-square test. * Significant difference between the two groups.

W. Sunthon et al.                                                                                                                                                                                                                               



Forensic Science International: Synergy 10 (2025) 100580

4

Fig. 2. Metabolomic Profiles of Suicide and Non-Suicide Cases. (a) PLS-DA analysis of suicide and non-suicide cases. (b) The top 15 metabolites with the highest VIP 
scores. The data were analyzed using the MetaboAnalyst 6.0 online tool.

Table 2 
Nineteen metabolites showed significant differences between the suicide and non-suicide groups.

Metabolites Suicide Non-suicide p-value q-value

Q1 Q2 Q3 Q1 Q2 Q3

4-Hydroxyproline 30.29 64.42 273.83 43.24 145.66 325.43 <0.001 0.04*
Sarcosine 14.15 26.99 103.30 19.02 38.46 162.44 <0.001 0.04*
Heparan sulfate 6.18 16.23 61.47 6.28 16.50 59.03 <0.001 0.04*
Triglyceride 9.32 19.46 57.61 8.37 22.00 48.72 <0.001 0.19
N-acetyl glycine 31.37 82.17 331.90 41.51 104.72 395.80 0.01 0.39
Acetoacetic acid 23.24 58.11 198.12 32.74 64.66 302.48 0.01 0.39
GAL 13.18 24.83 113.24 17.62 39.83 170.55 0.01 0.44
Cholesterol 11.78 31.45 89.03 13.02 28.46 85.27 0.02 0.44
Ornithine ( × 103) 0.26 0.47 1.10 2.44 5.89 1.59 0.02 0.44
Thymine 15.16 33.45 218.52 19.98 54.05 263.57 0.03 0.44
Malic acid 70.13 152.07 522.16 54.67 170.75 497.58 0.03 0.44
Pyridoxamine 25.71 80.37 186.78 31.77 83.48 236.95 0.03 0.44
GL 6.63 21.44 77.22 8.14 18.39 69.69 0.03 0.44
Hypotaurine 27.48 57.29 227.59 30.47 63.73 173.25 0.03 0.44
Biopterin 15.80 24.78 121.33 21.05 44.12 162.01 0.03 0.44
Acetyl-CoA 3.87 24.23 62.95 4.84 12.13 57.58 0.03 0.44
L-Histidine 2.99 5.20 28.39 4.36 10.05 45.03 0.04 0.48
L-Cystathionine 24.65 68.50 177.43 26.51 66.06 191.00 0.05 0.48
5-Carboxycytosine 3.15 5.94 34.23 4.44 9.19 51.28 0.05 0.48

Data are presented as quartiles. Significant differences in central tendency between the two groups (p < 0.05) were analyzed using Wilcoxon rank-sum tests. * sig
nificant differences between groups after FDR adjustment assessed using MetaboAnalyst 6.0.(q < 0.05).GAL = Gamma-aminobutyryl-lysine; GL = Sn- 
glycerophosphocholine.

Fig. 3. ROC curves analysis for three metabolites related to suicide cases. (a) 4-Hydroxyproline: AUC = 0.73, 95 % CI = 0.61–0.83. (b) Sarcosine: AUC = 0.72, 95 % 
CI = 0.60–0.81. (c) Heparan sulfate: AUC = 0.71, 95 % CI = 0.60–0.82. These data were analyzed using classical univariate ROC curve analysis through the 
MetaboAnalyst online tool (version 6.0).
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q = 0.04). The performance of biomarkers was confirmed using ROC 
curves and the AUC value of 4-hydroxyproline, sarcosine, and heparan 
sulfate presented 0.73 (95 % CI = 0.61–0.83), 0.72, (95 % CI =
0.60–0.81) and 0.71 (95 % CI = 0.60–0.82), respectively. The results are 
presented in Fig. 3.

3.3. Metabolic pathway impact in suicide case

Pathway analysis identified significant alterations in five metabolic 
pathways in suicide cases based on the criteria of -log10(P) ≥ 1.3 and 
impact value ≥ 0.3. These pathways include arginine and proline 
metabolism, glycosaminoglycan degradation, vitamin B6 metabolism, 
pyrimidine metabolism, and glycine, serine and threonine metabolism. 
Among these, glycine, serine and threonine metabolism were identified 
as the most impactful pathway (-log10(P) = 1.33, impact value = 0.45), 
while arginine and proline metabolism were defined as the most sta
tistically significant pathway (-log10(P) = 2.52, impact value = 0.35) in 
this study. The metabolic pathway impacts are presented in Fig. 4.

3.4. Machine learning for suicide prediction

We employed a ROC curve-based model evaluation (Tester) and 
prediction of suicide as a manner of death was conducted using a binary 
regression model. The results indicated that 4-hydroxyproline, sarco
sine, and heparan sulfate were the most effective metabolites for 
generating suicide prediction models. Seven models were generated 
based on the three metabolites, and the models are presented in Table 3. 
The performance of each of the predictive models was analyzed and 
presented in the AUC value, sensitivity, and specificity. Subsequently, 
10-fold cross-validation was performed to assess the validity of all pre
dictive models. The results are shown in Table 4. Model 6 demonstrated 
the highest predictive performance, with an AUC of 0.80, sensitivity of 
0.73, and specificity of 0.72. Following 10-fold cross-validation, it 
maintained a high AUC of 0.79, confirming its robustness and surpassing 
the performance of the other models.

4. Discussion

This is the first study in Thailand to examine the complete suicide 
metabolomic profiles to differentiate suicide from non-suicides in 
forensic cases. NMR is a favored method for clinical metabolomics 
studies due to its robustness, reproducibility, and ability to detect un
known metabolites in complex mixtures. It is non-destructive, non
biased, and highly quantifiable, requiring little to no sample preparation 
or chemical derivatization, and it facilitates the routine identification of 
novel compounds [22,23]. Determining the manner of death in suicide 
cases presents both challenges and significant importance in forensic 
medicine. Forensic pathologists, law enforcement, and legal pro
fessionals consider findings and evidence to determine the manner of 
death. Ambiguous and insufficient evidence led to the missing of the 
manner classification. The identification of specific biochemical markers 
provides valuable scientific evidence that could assess in the justifica
tion process [3,24]. 4-hydroxyproline, sarcosine and heparan sulfate 
had the potential to distinguish suicide from non-suicide cases. Specif
ically, decreased levels of 4-hydroxyproline and sarcosine, along with 
increased levels of heparan sulfate. The diagnostic performance of 
Model 6 (logit(P) = log (P/(1 - P)) = − 0.289–2.376 Sarcosine + 1.805 
Heparan sulfate) achieved the highest performance and maintained top 
performance even after 10-fold cross-validation.

Numerous factors impact forensic metabolomic analyses, including 
postmortem interval, sex differences, age, underlying diseases, and drug 
use [16,25–29]. This study, both suicide and non-suicide cases were 
enrolled and demographic data and medical history were recorded. Sex, 
job loss, low socioeconomic status, alcohol use, substance abuse, brain 
disease, endocrine abnormalities, and inflammatory processes have 
been associated with suicide [7]. These factors interrupt the interpretive 
process and may contribute to discrepancies between our results and 
previously reported data. In this study, sex, age, body mass index (BMI), 
non-communicable diseases (NCDs), illegal drug use, and alcohol con
sumption, were similar between the suicide and non-suicide groups. 
However, the number of psychiatric disorders was significantly higher in 
the suicide group compared to the non-suicide group. Psychiatric dis
orders, particularly mood disorders, are major risk factor for suicide [7].

All 209 metabolites were analyzed using partial least squares 
discriminant analysis (PLS-DA) to assess the metabolomic profile. The 
PLS-DA model revealed specific metabolomic profiles that can differ
entiate suicide cases from non-suicide cases. The AUCs for 4-hydroxy
proline, sarcosine, and heparan sulfate exceeded 0.7, indicating 
acceptable discrimination and were the best biomarkers for determining 
the manner of death in cases of suicide. However, the AUCs for some 
metabolites were below 0.7, which may be attributed to variations in 
subjects’ ancestry, dietary habits, living conditions, and the post- 
mortem interval [30–33]. Post-mortem metabolomic profiles can 

Fig. 4. Pathway analysis of metabolites in blood samples of suicide group 
compared to non-suicide group. The x-axis represents the pathway impact, 
while the y-axis highlights the most significantly altered clusters at the top. The 
color of each circle corresponds to the p-value, and its size reflects the 
pathway impact.

Table 3 
The equations for the suicide predictive models, along with the optimal cutoff 
values, are presented.

Number Suicide Predictive Modelsa P Cut off 
value

1 logit(P) = log (P/(1 - P)) = − 0.029 to 0.853 4- 
hydroxyproline

0.50

2 logit(P) = log (P/(1 - P)) = − 0.238 to 1.742 Sarcosine 0.53
3 logit(P) = log (P/(1 - P)) = 0.1 + 1.353 Heparan sulfate 0.47
4 logit(P) = log (P/(1 - P)) = − 0.221 to 0.576 4-hydroxy

proline - 1.428 Sarcosine
0.47

5 logit(P) = log (P/(1 - P)) = 0.106–0.881 4-hydroxyproline 
+ 1.462 Heparan sulfate

0.50

6 logit(P) = log (P/(1 - P)) = − 0.289 to 2.376 Sarcosine +
1.805 Heparan sulfate

0.54

7 log (P/(1 - P)) = − 0.226 to 0.467 4-hydroxyproline - 1.995 
Sarcosine + 1.772 Heparan sulfate

0.55

a Predictive models were generated using ROC curve-based model evaluation 
(Tester) and binary regression in the MetaboAnalyst online tool (version 6.0).
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change over time after death [33], which can affect suicide identifica
tion in forensic cases. Consequently, this study excluded deceased in
dividuals showing signs of decomposition, typically characterized by 
greenish discoloration of the abdomen, indicating a postmortem interval 
(PMI) exceeding 24 h [3].

4-Hydroxyproline, a proline derivative, is produced through hy
droxylation in collagen and serves as a major precursor for glycine, 
which is essential for the synthesis of glutathione, DNA, heme, and 
proteins and scavenges reactive oxygen species [34,35]. Recent studies 
in living subjects have demonstrated a correlation between urinary 
levels of hydroxyproline and proline with mental health issues, 
including stress and anxiety, suggesting a link between chronic stress 
and mental health [36,37]. In our study, we found that 4-hydroxyproline 
levels in completed suicides were lower than those in non-suicide cases. 
There is currently no evidence indicating decreased levels of 4-hydroxy
proline in completed suicides or postmortem. In rat models, a significant 
decrease in hydroxyproline levels in skeletal muscles has been observed 
as postmortem intervals (PMI) increase, indicating collagen degradation 
after death [38]. The difference in tissue types may affect 4-hydroxypro
line levels; therefore, the decrease in 4-hydroxyproline in postmortem 
human blood requires further investigation.

Our results showed that sarcosine levels decreased in suicide cases 
compared to non-suicide cases. In living subjects, sarcosine (N-methyl 
glycine) acts as a type 1 glycine transporter inhibitor enhancing gluta
matergic neurotransmission [39]. Dysfunction in the glutamatergic 
system has been observed in cases of major depressive disorder [40]. 
The reduced levels of sarcosine observed in our findings may be linked to 
the psychological and physiological stressors that precede suicide. These 
findings align with prior studies in living subjects [39–42] which suggest 
a decrease in sarcosine levels among suicide cases, indicating that PMI 
may not affect these levels.

We observed an increase in heparan sulfate levels in the completed 
suicide cases. Heparan sulfate is a sulfated polysaccharide present on 
cell surfaces and in the extracellular matrix, existing in various forms of 
proteoglycans. It plays a crucial role in neuroinflammation and systemic 
inflammatory responses [43,44]. The inflammation link to the patho
physiology of suicide through several mechanisms [45]. The elevation of 
heparan sulfate level in our study might indicate neuroinflammatory or 
systemic inflammatory processes related to suicide.

The results for sarcosine and heparan sulfate are consistent across 
both living and postmortem subjects, whereas the levels of 4-hydroxy
proline exhibit a contrasting pattern likely influenced by PMI. This 
discrepancy may be due to postmortem metabolic alterations of 4-hy
droxyproline, for which no current human data is available. There
fore, sarcosine and heparan sulfate not only aid in suicide classification 
but also shed light on the underlying biochemical pathways potentially 
linked to suicidal behavior.

Emerging research indicates that disruptions in various metabolic 
pathways, including those involving arginine and proline, glycosami
noglycan degradation, vitamin B6, pyrimidine, and the metabolism of 
glycine, serine, and threonine, may be linked to psychiatric disorders 
and suicidal behavior. Alterations in arginine and proline metabolism 

have been associated with depressive symptoms, potentially through the 
mediation of inflammatory responses. Studies have observed elevated 
interleukin-6 (IL-6) levels in patients with major depressive disorder 
(MDD), suggesting that disruptions in these metabolic pathways may 
influence mood disorders by modulating inflammation [46]. Vitamin 
B6, in its active form pyridoxal 5′-phosphate (PLP), serves as a cofactor 
for numerous enzymes involved in neurotransmitter synthesis and 
amino acid metabolism. Deficiencies in PLP can lead to neurological 
manifestations, including epilepsy, likely due to neurotransmitter im
balances. Additionally, vitamin B6 plays roles beyond enzymatic 
cofactor activity, such as functioning as an antioxidant and modulating 
immune responses [47]. The metabolism of glycine, serine, and threo
nine is crucial for central nervous system function. Disruptions in these 
pathways can affect neurotransmitter levels and neuronal health, 
potentially contributing to psychiatric conditions. For instance, abnor
malities in amino acid metabolism have been implicated in mood dis
orders, with alterations in metabolites like proline and glutamic acid 
observed in depressive states [48]. While direct evidence linking 
glycosaminoglycan degradation and pyrimidine metabolism to psychi
atric disorders and suicide is limited, the interconnected nature of 
metabolic pathways suggests that disturbances in these areas could 
indirectly influence mental health. Further research is necessary to 
elucidate these potential connections.

This study incorporates machine learning with metabolomics to 
classify suicide as a manner of death. Machine learning offers significant 
promise in the field of forensic science, particularly in identifying 
distinct blood metabolites in suicide cases compared to non-suicide 
cases. The combinations can enhance the predictive power of machine 
learning models. Machine learning algorithms were used to develop 
predictive models based on selected biomarkers. By leveraging logistic 
regression and ROC curve-based model evaluation, the study con
structed seven models to distinguish suicide from non-suicide cases. 
Model 6, which incorporated sarcosine and heparan sulfate, achieved 
the best predictive performance with an AUC of 0.80, sensitivity of 0.73, 
and specificity of 0.72. This suggests that machine learning can signif
icantly enhance the accuracy and applicability of metabolomic findings 
in forensic contexts.

4.1. Limitations and future directions

This study demonstrates the potential of NMR-based metabolomics 
combined with machine learning to differentiate suicide cases from non- 
suicidal deaths. However, some limitations should be considered, such 
as the small sample size and the high inter-individual variability 
inherent in forensic samples. Challenges remain, including the need for 
larger datasets to enhance model generalizability and to account for 
variables like postmortem interval (PMI) and environmental factors. 
Expanding this research to include diverse populations and prolonged 
PMIs could improve the model’s applicability in various forensic sce
narios. Additionally, incorporating multi-omics (e.g., proteomics, ge
nomics) with ML might strengthen biomarker-based suicide prediction, 
offering a more comprehensive biological profile for forensic 

Table 4 
The Performance of each prediction model for categorizing suicide as the manner of death is presented.

Models Test model 10-fold cross-validation

AUCs 95%CI Sensitivity Specificity AUCs 95%CI Sensitivity Specificity

1 0.72 0.56–0.89 0.71 0.67 0.71 0.60–0.82 0.69 0.69
2 0.71 0.52–0.85 0.66 0.64 0.70 0.60–0.81 0.67 0.67
3 0.70 0.56–0.85 0.72 0.69 0.70 0.58–0.81 0.71 0.71
4 0.73 0.53–0.88 0.77 0.56 0.72 0.61–0.83 0.76 0.60
5 0.73 0.58–0.86 0.72 0.66 0.72 0.61–0.82 0.69 0.67
6 0.80 0.65–0.91 0.73 0.72 0.79 0.69–0.88 0.73 0.69
7 0.79 0.65–0.92 0.71 0.73 0.78 0.69–0.87 0.69 0.73

Data were analyzed using ROC curve-based model evaluation and logistic regression via the MetaboAnalyst online tool (version 6.0). The 95 % CI refers to the 95 % 
confidence interval. AUCs represent the areas under the curves provided by the ROC models.
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investigation.

5. Conclusion

4-hydroxyproline, sarcosine and heparan sulfate are key blood me
tabolites that significantly differ between suicide and non-suicide cases, 
presenting a novel approach to forensic investigation. This study also 
explores the potential of predictive modeling to assist forensic pathol
ogists in determining the manner of death. The integration of machine 
learning with blood metabolomics demonstrates promise in forensic 
science, offering insights into biochemical pathways associated with 
psychological distress. Nonetheless, as the first study on manner-of- 
death biomarkers and predictive models for suicide cases in Thailand, 
additional research is necessary to establish the reliability and applica
bility of these biomarkers in forensic and public health contexts.
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