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Embarking on the study of post-mortem interval (PMI) has been both a challenging and 

fascinating journey. The complexities of determining the time since death, a concept known as 

chronothanatognosis, extend far beyond academic interest. Accurate PMI estimation is critical to 

forensic science, with profound implications for criminal investigations, legal proceedings, and 

historical inquiries. As such, it forms a cornerstone of forensic practice, shaping the timeline of 

events and often guiding the direction of investigations. 

My interest in this subject was sparked by the sheer complexity and the importance of accurately 

determining PMI. Traditional methods to detect early post-mortem changes, such as algor mortis, 

rigor mortis, and livor mortis, while foundational, often lack the accuracy needed in modern 

forensic investigations. This led me to explore the field of metabolomics, which promises a more 

detailed and reliable approach to PMI estimation. Metabolomics is a study of small 

molecules/metabolites within biological systems, which provides a window into the biochemical 

changes that occur after death, promising a more precise timeline to estimate PMI. 

Throughout this thesis, I investigate the biochemical changes that occur after death, with a 

particular focus on the pineal gland. This small, but functionally significant endocrine organ, 

located deep within the brain, has intrigued me due to its unique biochemical properties and 

relative protection from external environmental influences. The pineal gland’s role in melatonin 

secretion and regulation of circadian rhythms may provide a stable metabolic profile. These 

further assist in the evaluation of whether the death of an individual might have occurred at 

night-time or day-time, rendering the pineal gland an ideal candidate for forensic investigation. 

In Chapter 1, I provide a comprehensive introduction to the concept of PMI and its significance. 

Chapter 2 explores the traditional methods used for PMI estimation based on the stages of post-

mortem changes and their limitations. Chapter 3 presents advancements in PMI estimation 

techniques, particularly metabolomics. Chapter 4 entails a detailed description of the pineal 

gland, including its relevance in PMI estimation. This thesis is the culmination of years of research, 

curiosity, and a drive to contribute something meaningful to the field of forensic science. I hope 

that the findings presented here not only advance our understanding of PMI estimation but also 

inspire further research into the applications of metabolomics in forensic investigations.  
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1. Post-mortem interval (PMI): An overview 

The post-mortem interval (PMI) refers to the time elapsed between physiological death and the 

examination of the deceased (Haas et al., 2021). Accurate estimation of PMI is a cornerstone of 

forensic investigations due to its significant impact on both criminal and civil cases. In criminal 

investigations, establishing the precise time of death is crucial for verifying witness statements, 

narrowing down the pool of suspects, and corroborating alibis. By determining the time frame in 

which death occurred, investigators can better focus their efforts, directing attention towards 

suspects who may have been present at the time of death. For example, if a suspect claims to 

have been elsewhere, an accurate PMI can either confirm or refute their alibi, refining the scope 

of the investigation and potentially identifying the correct individuals involved. In civil cases, PMI 

estimation can be equally significant, for determining the order of deaths in incidents involving 

multiple victims. Furthermore, accurate PMI estimation is invaluable in understanding the 

circumstances surrounding a death, particularly in cases of suspicious, homicide, or unexplained 

fatalities. It allows forensic pathologists and investigators to reconstruct the timeline of events 

leading up to the death, providing critical insights into the cause and manner of death.  

However, accurately determining the PMI is brimming with challenges, particularly in instances 

where bodies are severely decomposed or exposed to fluctuating environmental conditions. 

Traditional methods of PMI estimation, while foundational, often lack the precision required for 

more complex cases. These methods are typically influenced by various environmental and 

biological factors, including temperature, humidity, and the physical condition of the body, 

leading to potentially inaccurate or ambiguous results. To address these limitations, the forensic 

field has increasingly turned to advanced techniques that provide more reliable PMI estimates. 

Approaches such as biochemical analysis, molecular biology, and various “omics” technologies, 

including lipidomics, proteomics, and metabolomics, have shown significant potential. These 

methods offer a deeper insight into the biochemical and molecular changes that occur after 

death, enabling forensic investigators to estimate PMI with greater accuracy. By leveraging these 

cutting-edge technologies, forensic science can support criminal and civil legal processes with a 

higher degree of precision, ultimately contributing to more reliable justice outcomes. 
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2. Es:ma:ng post-mortem interval (PMI): Tradi:onal methods and their 

constraints 

Estimating the PMI relies on understanding the physiological changes that occur after death. 

These changes are a result of a series of chemical and physical processes, broadly divided into 

three stages: immediate, early, and late post-mortem changes, based on their order of 

appearance (Tsokos M & Byard RW, 2016) (Table 1).  

 

2.1. Immediate post-mortem changes 

Immediate changes refer to the rapid biochemical and physiological alterations that occur 

immediately after death, often called “signs of death”. These include the permanent cessation of 

the respiratory, circulatory, and nervous systems (Almulhim & Menezes, 2023). This phase is 

primarily characterized by several detectable changes, in the eyes and skin, providing valuable 

clues for estimating PMI. One of the earliest signs is 'trucking' or segmentation of retinal blood 

vessels, which appears as breaks in the blood column within the retinal vessels (Jaafar & Nokes, 

1994). This phenomenon typically manifests within 30 minutes to 2 hours post-mortem (Jaafar & 

Nokes, 1994). Additionally, intraocular pressure decreases sharply, often reaching 4 mmHg or 

less within 6 hours (Van Den Oever, 1976), while corneal clouding begins within 2 hours, 

progressively obscuring intraocular examinations (Wróblewski & Ellis, 1970).  

On the skin, a loss of elasticity and luster occurs within a few hours after death, causing a pale 

appearance, although histological changes (Bardale et al., 2012) and cellular and biochemical 

alterations (Babapulle & Jayasundera, 1993) are typically absent during the initial 3 to 6 hours 

post-mortem. Gastric emptying can also provide clues for estimating PMI: small, light meals are 

typically emptied from the stomach within 1 to 3 hours, allowing forensic pathologists to 

estimate PMI based on the time of the last meal and stomach contents (Madea, 2016). This 

immediate post-mortem phase, encompassing the first 2 to 3 hours after death, is marked by 

these subtle yet informative changes, crucial for early PMI estimation and forming the basis for 

further forensic analysis. 
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2.2. Early post-mortem changes 

The early post-mortem phase, spanning from 3 to 72 hours after death, is a critical period for PMI 

estimation, frequently examined in most of the medico-legal cases. During this time frame, 

forensic investigators rely on a classical triad of observable post-mortem changes: livor mortis, 

rigor mortis, and algor mortis (Almulhim & Menezes, 2023). These changes, which develop in 

predictable patterns, can provide clues about the time of death and the conditions in which it 

occurred. 

Livor mortis: Livor mortis (also known as livores, post-mortem lividity, or hypostasis), manifests 

as a purplish-blue discoloration of the skin on the dependent parts of the body (Meurs, 2023). 

This discoloration is caused by the gravitational pooling of blood into the capillaries within the 

dermis after the cessation of cardiovascular function (Marks & Tersigni, 2005). Livor mortis 

typically begins within an hour after death, becomes noticeable between 2 to 4 hours, and is fully 

fixed in place by 6 to 8 hours (Goff, 2009). The dermal capillaries, specifically in the papillary and 

reticular layers, become engorged with blood, resulting in the characteristic purplish 

discoloration (Tsokos, 2005). The distribution of livor mortis can reveal valuable information 

about the position of the body at the time of death. For example, lividity on the anterior parts of 

the body indicates that the deceased was lying face down (prone position), while lividity on the 

posterior suggests a supine position (Prahlow & Byard, 2012). The presence of livor mortis may 

also provide information if the body was moved after death, making it a crucial observation in 

forensic investigations (Meurs, 2023). 

Rigor mortis: Rigor mortis (also known as post-mortem rigidity), is the stiffening of both voluntary 

and involuntary muscles following death due to chemical changes within muscle tissues. The 

depletion of adenosine triphosphate (ATP) and accumulation of lactate in muscle fibres prevent 

the release of the actin-myosin bonds, leading to muscle contraction and stiffening (Goff, 2009). 

Rigor mortis begins in the smaller muscles, such as those in the jaw and eyelids, within 1 to 4 

hours post-mortem, due to faster ATP depletion, and then gradually spreads to larger muscle 

groups. By 6 hours, most muscles will show signs of rigor, with full body stiffness occurring by 12 

hours. The rigidity lasts for approximately 12 more hours before muscles begin to relax again due 

to the enzymatic breakdown of muscle tissue as decomposition sets in (Kori, 2018). This process 
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of stiffness and relaxation can be influenced by external factors, such as ambient (environmental) 

temperature, where high temperatures accelerate the onset and progression of rigor mortis, 

while lower temperatures delay it (Almulhim & Menezes, 2023). 

Algor mortis: Algor mortis (also known as post-mortem cooling) refers to the second stage of 

death, which is characterized by the normal cooling of the body until it reaches equilibrium with 

the ambient temperature (Eden & Thomas, 2023). During life, the average rectal temperature is 

approximately 36.9°C (ranging from 34.2°C to 37.6°C) (Sund-Levander et al., 2002). However, 

assuming that the deceased had a ‘‘normal’’ body (rectal) temperature at the time of death can 

be misleading, as many factors, such as illness, activity level before death, or external conditions, 

can influence body temperature at the time of death. The primary mechanisms of heat exchange 

between the body and the surroundings are primarily mediated by conduction and convection, 

while evaporation becomes significant if the body or clothing is wet (De Saram et al., 1956). The 

rate of post-mortem cooling depends on various factors, including body mass, the temperature 

gradient between the deceased and the ambient environment, gender, clothing, and body 

posture at the time of death (Almulhim & Menezes, 2023; Goff, 2009; Teo Chee Hau et al., 2014).  

Initially, after death, the body temperature remains relatively stable for 1 to 3 hours, this phase 

is referred to as the ‘‘post-mortem temperature plateau.’’ After this plateau, body temperature 

begins to decline at a rate of 0.5°C and 1.5°C per hour, depending on the surrounding conditions. 

This linear cooling continues for approximately 10 to 16 hours (Byard, 2020). Once the body 

temperature approaches equilibrium with the ambient temperature, the cooling rate slows 

considerably (Byard, 2020). Estimating PMI based solely on body temperature can be inaccurate 

due to the variability of the temperature plateau duration and the numerous factors affecting 

heat loss. Moreover, once the body has reached equilibrium with the environment, temperature-

based methods become ineffective for estimating PMI (Byard, 2020). 

 

2.3. Late post-mortem changes 

The late post-mortem phase involves autolysis (tissue decay by enzymatic degradation process) 

and putrefaction (tissue decay by bacterial activity), leading to the complete decomposition of 

the body (Cockle & Bell, 2017).  
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Autolysis: It refers to the self-digestion of cells and tissues caused by the action of intracellular 

enzymes, beginning approximately 4 minutes after death. This process occurs due to the leakages 

of hydrolytic enzymes from lysosomes after death, leading to the breakdown of cell membranes 

and organelles. Autolysis is a sterile process that happens without microbial involvement, and its 

effects are primarily microscopic rather than macroscopic (Shirley et al., 2011). Organs with high 

enzymatic activity, such as the liver, are particularly susceptible to rapid autolysis (Pasca & 

Ulasan, 2014). Temperature plays a significant role in the rate of autolysis, with higher 

temperatures accelerating enzymatic degradation and lower temperatures slowing it down.  

Putrefaction: Following autolysis, the body undergoes putrefaction, a process in which tissue 

decay is driven by microbial activity. Microorganisms, such as bacteria, fungi, and protozoa, 

normally present in the body’s microbiota, proliferate in the nutrient-rich environment created 

by cellular breakdown, further decomposing tissues (Clark et al., 1997; Paczkowski & Schütz, 

2011; Zhou & Byard, 2011). Putrefaction is characterized by visible changes at the macroscopic 

level, including a greenish discoloration of the abdomen, bloating of the face, abdomen, breast, 

and scrotum, and the release of foul-smelling gases (Almulhim & Menezes, 2023). The production 

of putrefactive gases, such as methane, carbon dioxide, and hydrogen sulfide, causes the body 

to swell as these gases accumulate within the tissues (Almulhim & Menezes, 2023). The rate of 

putrefaction varies widely and is influenced by external factors such as temperature, humidity, 

and microbial presence, with warmer, more humid environments accelerating decomposition.  

Adipocere: Adipocere (also known as grave wax or corpse wax) involves the transformation of 

adipose tissues into a wax-like substance through a process of hydrolysis and hydrogenation 

(Ubelaker & Zarenko, 2011). This yellowish-greasy material is primarily composed of fatty acids, 

such as palmitic, oleic, and stearic acids, along with some glycerol (Fiedler & Graw, 2003). 

Adipocere typically forms in fatty areas such as the cheeks, chin, abdomen, and buttocks (Fiedler 

& Graw, 2003). Initially soft and yellow, adipocere becomes white, brittle, and hard, as fatty acids 

crystallize, preserving the shape of the body and even injuries. This process occurs alongside 

other forms of putrefaction in different body regions (Shedge et al., 2023).  

Mummification: It is characterized by the desiccation, the drying-up process of soft tissues, 

resulting in dry, brown, hard, and brittle skin stretched over bones. Mummification may affect 
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the entire body or only specific parts that have been exposed to the environment, and it typically 

occurs in arid, hot, or extremely cold environments. Unlike putrefaction, mummification, typically 

preserves facial features and external injuries, although the body undergoes shrinkage (Houlton 

& Wilkinson, 2018). Mummification processes are mainly of two types: primary and secondary. 

Primary mummification is generally not accompanied by significant putrefaction processes. It 

predominantly occurs in environments that facilitate rapid desiccation of soft tissues, such as dry 

and hot climates, where the lack of moisture prevents bacterial putrefaction. In contrast, 

secondary mummification happens after substantial putrefaction has already occurred, often in 

open spaces where environmental conditions lead to partial drying of the body. In some cases, a 

single body may exhibit both mummified and putrefied tissues, with different regions of the body 

undergoing different decomposition processes (Leccia et al., 2018).   

Understanding the different phases of post-mortem and their progression is essential for forensic 

pathologists and investigators. Recognizing these specific physical and chemical changes allows 

for more accurate PMI estimation, which is critical in reconstructing the sequence of events 

leading to death and providing crucial information for both criminal and civil investigations. 

 

Sr. 
No. 

Stages of Post-
Mortem Changes 

Characteristics  Time Since Death 
(Approximate) 

Limitations for PMI 
Estimation 

1. Immediate Phase Cessation of 
heartbeat, 
respiration, and 
brain function; 
oxygen depletion 
begins. 
  

Occurs 
immediately, 
within seconds to 
minutes after 
death. 

Extremely brief time 
window; requires 
real-time monitoring 
to identify the exact 
time of death, not 
practical for most 
forensic cases. 

2. Early Phase       
  A. Livor morYs 

(Lividity, post-
mortem 
hypostasis) 

Pooling of blood 
due to gravity, 
causing purplish 
discoloration of the 
skin 

Begins 20 minutes 
to 4 hours after 
death; becomes 
fixed after 6-8 
hours. 

Limited by factors 
such as body position, 
external pressure, and 
ambient temperature.  
  
Inconsistent timing 
makes it difficult to 
estimate PMI 
precisely. 
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  B. Rigor morYs 
(Stiffening of 
muscles) 

Stiffening of 
muscles starting 
from smaller 
muscles (jaw, face) 
to larger ones 

1-2 hours onset, 
fully developed at 
12 hours after the 
death and 
dissipates after 12 
hours. 
  

Duration varies widely 
based on 
environmental 
factors, the physical 
condition of the 
deceased, and the 
cause of death. 

  C. Algor morYs 
(Cooling of the 
body) 

Body temperature 
decreases to match 
ambient 
temperature. 

1-16 hours after 
death 

Highly dependent on 
environmental 
conditions (e.g., 
temperature, 
humidity, clothing), 
making it unreliable 
without proper 
controls. 
 
Works only for shorter 
PMI. 

3.  Late Phase       
  A. Autolysis 

(Cellular self-
digestion) 

Breakdown of cells 
due to enzyme 
activity, most 
noticeable in softer 
and high enzymatic 
activity tissues (e.g., 
pancreas, liver) 

Within hours after 
the death. 

Highly dependent on 
environmental factors 
and body 
temperature.  
  
Difficult to assess 
without histological or 
biochemical analysis. 

  B. Putrefaction 
(Decomposition by 
bacteria) 

Greenish 
discoloration of the 
skin, bloating of 
face, breasts, and 
scrotum, gas 
formation, and foul 
smell. 
  
Tissue decay by 
bacterial activity. 

Starts within an 
hour after death, 
and peak activity 
of microbes 
occurs around 24 
hours. 

Rates of putrefaction 
vary widely based on 
external factors 
(temperature, 
moisture, burial 
conditions), leading to 
inaccuracies in PMI 
estimation. 

  C. Adipocere Formation of "grave 
wax" (adipocere) 
from fat tissues due 
to anaerobic 
bacterial activity; 
tissues become 

Can begin as early 
as 3 weeks, but 
usually, it takes 3 
months to form. 

Occurs in cool, moist, 
anaerobic 
environments); slows 
down decomposition 
significantly, making 
PMI estimation more 
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white, waxy, and 
firm. 
  
Typically forms in 
fatty areas such as 
cheeks, chin, 
abdomen, and 
buttocks. 

difficult and requiring 
specialized methods 
(e.g., chemical 
analysis of adipocere). 

  D. MummificaYon Drying and 
preservation of the 
body tissues in dry, 
arid, or cold 
conditions; tissues 
become leathery 
and shrunken. 
  

N/A Mummified bodies 
undergo very slow 
decomposition, 
making it difficult to 
estimate PMI without 
knowing 
environmental 
conditions; requires 
specific forensic 
techniques (e.g., DNA 
testing, radiocarbon 
dating) for PMI 
determination. 

 

Table 1: Different stages of post-mortem changes, their key characteristics, estimated time 

since death, and limitations for PMI estimation. The table categorizes each stage of 

decomposition from immediate post-mortem changes to advanced decomposition processes, 

such as adipocere formation and mummification. Abbreviations: PMI, post-mortem interval; 

DNA, deoxyribonucleic acid; TCA cycle, tricarboxylic acid cycle; N/A, Not available. 

 

2.4. Limita:ons of tradi:onal methods of post-mortem interval (PMI) 

es:ma:on 

The complex interplay of intrinsic and extrinsic variables in the decomposition process makes the 

development of accurate PMI estimation models challenging. Traditional methods, such as 

estimating PMI based on body and ambient temperature (which rely on the predictability of algor 

mortis), or visually assessing gross morphological changes to the body, offer broad PMI ranges 

and are subject to significant limitations.  



 
 

15 

For instance, algor mortis-based models work only within short PMIs and become unreliable once 

the body reaches ambient temperature. Similarly, visual assessments of decomposition stages, 

while useful, suffer from poor accuracy and precision due to the variable rate of decomposition. 

This can be influenced by environmental factors like temperature, humidity, and the presence of 

scavengers. Additionally, these methods are subject to interobserver variability, where different 

investigators may score decomposition stages differently, further reducing reliability. Moreover, 

as decomposition progresses, the accuracy of traditional methods diminishes, particularly when 

the bodies are severely decomposed or skeletonized (Henssge and Madea, 2007; Madea, 2016). 

These limitations underscore the urgent need for advanced PMI estimation methods that can 

offer greater accuracy, even in cases where the body is in an advanced state of decomposition. 

In the following section, we will explore advanced forensic techniques, including biochemical and 

molecular approaches, that promise to revolutionize PMI estimation by addressing the 

shortcomings of traditional methods. 

  

3. Advancements in post-mortem interval (PMI) es:ma:on techniques: 

Integra:ng molecular, biochemical, and emerging methods 

Given the limitations of traditional PMI estimation methods, significant efforts have been made 

to develop more advanced and reliable techniques. These new approaches leverage 

technological innovations and scientific advancements to improve accuracy and precision, even 

in complex forensic scenarios. By integrating molecular biology, biochemistry, and advanced 

imaging techniques, these methods offer promising alternatives to overcome the challenges 

faced by conventional methods. The recent advancements in PMI estimation focus on various 

biological and chemical markers that exhibit predictable changes over time after death. These 

include: (A) Molecular and Biochemical Methods: It explores the degradation patterns of DNA, 

RNA, and proteins to provide more precise PMI estimates. (B) Metabolomic Approaches: Using 

metabolomics to study the small molecules and metabolites that vary systematically during 

decomposition. (C) Microbiome Analysis: Investigating post-mortem changes in microbial 

communities, which offer unique time-dependent patterns useful for PMI estimation. (D) 
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Forensic Entomology: Employing advanced techniques to study insect activity and succession on 

decomposing remains, providing a reliable timeline for PMI estimation. (E) Imaging Techniques: 

Utilizing modern imaging technologies, such as magnetic resonance imaging (MRI) and computed 

tomography (CT), to observe and quantify internal changes post-mortem. In the following 

subsections, we will delve deeper into each of these advanced techniques, exploring their 

methodologies, applications, and the improvements they bring to the field of forensic science.  

 

3.1. Molecular and biochemical methods 

Molecular and biochemical methods have significantly advanced PMI estimation by offering 

highly accurate and precise timelines based on the systematic degradation of biological 

molecules, such as deoxyribonucleic acid (DNA), ribonucleic acid (RNA), proteins, and 

metabolites, after death.  

 

3.1.1. DNA degrada:on 
DNA degradation occurs predictably after death due to autolysis and microbial activity, and its 

rate can be influenced by factors such as temperature, humidity, and pH. Techniques like 

quantitative polymerase chain reaction (qPCR) and gel electrophoresis are widely used to 

measure DNA fragmentation, allowing forensic scientists to establish a timeline of DNA decay 

and estimate the PMI with greater accuracy.  

In this regard, few studies have explored the relationship between DNA degradation and PMI 

across various tissues. For example, research on spleen tissue from autopsies with known PMIs 

revealed a correlation between the rate of DNA degradation and the PMI (Cina, 1994). 

Subsequent studies using spleen, liver, and blood samples confirmed these findings, with flow 

cytometry showing the best correlation with hepatic tissue (N. Di Nunno et al., 2002; N. R. Di 

Nunno et al., 1998). Comparisons between brain and spleen tissues revealed lower rates of DNA 

degradation in brain tissue, likely due to lower enzymatic activity (Williams et al., 2015). Other 

studies have employed the comet assay to study DNA degradation (Shukla, 2017). This technique 

has demonstrated a clear increase in DNA fragmentation with increasing PMI (Johnson & Ferris, 
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2002; Tozzo et al., 2020). The findings obtained in heart, liver, and kidney cells demonstrated 

rapid DNA degradation in the first 6 hours after death (Xin Chen et al., 2005), consistent with 

other studies (Hao L.G et al., 2007; Luo G.H. et al., 2006). Extended research on mouse brain and 

dental pulp cells has also revealed a high linear correlation between comet assay parameters and 

PMI up to 72 hours (Zheng et al., 2012). These results underline the utility of DNA degradation 

analysis in providing a reliable estimate of PMI, enhancing the accuracy of forensic investigations. 

 

3.1.2. RNA degrada:on 
RNA degradation serves as a sensitive marker for PMI estimation due to its inherent instability 

and rapid decay post-mortem. Unlike DNA, RNA is more susceptible to degradation (Fordyce et 

al., 2013), making it a reliable indicator for short-term PMI estimations. Various types of RNA 

degrade at different rates, with ribosomal RNA (rRNA) being more stable than messenger RNA 

(mRNA) (Fordyce et al., 2013). 

Studies have shown that RNA stability varies significantly by tissue type. For instance, RNA in 

organs like the pancreas and liver degrades rapidly due to high levels of ribonucleases (Bauer et 

al., 2003), whereas brain tissue in both humans and rats shows much greater RNA stability (Bauer 

et al., 2003; Inoue et al., 2002). Further, the degradation of RNA based on the expression of 

specific genes has been evaluated in the human heart tissues from individuals with varying PMIs 

(Partemi et al., 2010). The findings demonstrated a negative correlation of NOS3 (Nitric Oxide 

Synthase 3) expression with PMI (Partemi et al., 2010). Advancements in qPCR have further 

refined RNA degradation analysis. Research on 18S-rRNA and microRNAs (miRNA) in rat heart 

tissue over PMIs ranging from 0 to 168 hours showed a strong parabolic relationship between 

PMI and cycle threshold (Ct) values in qPCR, which are inversely proportional to the amount of 

target nucleic acid present (W. C. Li et al., 2014). Additionally, mathematical models incorporating 

qPCR expression of Glyceraldehyde-3-Phosphate-Dehydrogenase (GAPDH) and β-actin (ACTB) in 

lung and muscle tissues from rats (0 to 6 days post-mortem) and human autopsies (up to 24 hours 

post-mortem) have shown low error rates for PMI estimation (Lv et al., 2016). Additionally, 

research on mouse tissues showed a correlation of PMI (up to 8 days) with expression levels of 

housekeeping genes, miRNA, and circular RNAs (circRNAs) (Tu et al., 2019). 
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Recent research has expanded on these findings. A microarray screening of 217 mRNA markers 

in rat cardiac tissue identified cell division cycle 25 homolog B (Cdc25b) as the most reliable 

marker for early PMI (Tao et al., 2018). Moreover, studies examining mRNA expression in genes 

involved in apoptosis, such as Fas Ligand (FasL) and phosphatase and tensin homolog (PTEN), 

showed strong linear correlations with PMI up to 6 hours after death (Zapico et al., 2014), giving 

rise to the field of thanatotranscriptomics, which focuses on post-mortem gene expression.  RNA 

degradation methods are further complemented by the use of Gene Meter models, which predict 

PMI based on gene expression changes, achieving high correlation coefficients in studies on 

zebrafish and mice (Hunter et al., 2017). Additionally, human transcriptomic data from the 

Genotype-Tissue Expression (GTEx) Database revealed a change in the expression of 266 genes 

with short- and long-term PMI and tissue-specific RNA degradation patterns (Zhu et al., 2017), 

with gastrointestinal tract (GIT) tissues showing earlier changes compared to the central nervous 

system (CNS), during the first hours of death (Ferreira et al., 2018). Despite these advances, the 

RNA degradation method faces limitations, including variability in RNA stability across tissues and 

the influence of environmental factors. The rapid degradation of RNA also necessitates precise 

handling of samples, presenting challenges in real-world forensic scenarios. These limitations 

underscore the need for complementary approaches to provide more comprehensive PMI 

estimates. 

 

3.1.3. Protein degrada:on 
Protein degradation offers another important marker for PMI estimation, providing insights 

based on the systematic breakdown of proteins after death. Unlike RNA, proteins exhibit varied 

stability across different tissues, with certain proteins degrading at predictable rates. This 

variability allows forensic scientists to use protein degradation patterns as reliable markers for 

estimating PMI. Analytical techniques such as mass spectrometry (MS) and Western blotting are 

frequently employed to measure the breakdown of specific proteins, providing timelines that 

enhance the accuracy of PMI determination. 

Studies on human brain and heart tissues with PMIs ranging from 6 to 58 hours have shown time-

dependent increases in autophagy-related proteins, such as LC3-II, p62, Beclin-1, and Atg7 in 
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heart tissue, while BNIP3 levels decreased as PMI progressed (Javan et al., 2015). Similar 

degradation patterns were found for LC3, p62, and Atg7, whereas BNIP3 and Beclin-1 levels 

showed a decline with increasing PMI, in brain tissues (Javan et al., 2015). Additionally, analysis 

of brain tissue biomarkers up to 72 hours post-mortem revealed a significant decrease in Talin-

1, a protein linked to cell adhesion, correlating strongly with PMI (Campell et al., 2016). 

Proteomics, the large-scale study of proteins, has also been utilized to estimate PMI over longer 

periods. For instance, liquid chromatography-tandem mass spectrometry (LC-MS/MS) analysis of 

pig bones with PMIs between 1 and 6 months identified a decrease in plasma and muscle proteins 

with advancing PMI, alongside increased deamidation of biglycan, a protein crucial for bone 

growth (Procopio et al., 2018). Seasonal studies on decomposition fluids from domestic pigs using 

a nano high-performance liquid chromatography (HPLC) system coupled with a Tripple-TOF mass 

spectrometer (MS) identified common peptides across different seasons, suggesting that profiled 

peptide analysis could reliably estimate PMI, regardless of environmental conditions (Nolan et 

al., 2019). Long-term PMI estimation has also been explored through proteomics. An analysis of 

femur bones from human cadavers with PMIs ranging from 5 to 20 years identified 32 proteins 

that could distinguish between shorter (5-12 years) and longer (13-20 years) PMIs (Prieto-Bonete 

et al., 2019a). Further study assessed the impact of intrinsic and extrinsic variables on human 

proteome analysis in decomposition scenario, discovering that inter-individual and inter-skeletal 

differences in bone mineral density can influence protein survival, underscoring its promise as a 

new potential biomarker for PMI estimation (Mickleburgh et al., 2021). Despite these 

advancements, protein degradation methods or proteomics face certain limitations, including 

variation in protein stability across tissues and the influence of environmental factors, such as 

temperature and humidity. These challenges, combined with inter-individual variability, 

emphasize the need for complementary approaches to ensure accurate PMI estimation.  

 

In conclusion, the exploration of molecular and biochemical methods has led to significant 

advancements in PMI estimation. DNA degradation, analyzed through qPCR and gel 

electrophoresis, offers reliable timelines for PMI estimation based on the predictable 

fragmentation patterns of DNA. Similarly, RNA degradation, assessed using reverse transcription 
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PCR (RT-PCR), provides valuable insights for short-term PMI estimation due to the rapid decay of 

RNA molecules. Protein degradation, leveraging the systematic breakdown of proteins post-

mortem and analyzed through proteomics techniques like LC-MS/MS and Western blotting, has 

extended PMI estimation capabilities to both short-term and long-term intervals. However, 

despite these advancements, each of these methods faces inherent limitations. DNA degradation 

rates can be influenced by environmental factors, RNA is particularly susceptible to rapid 

degradation and contamination, and protein degradation is affected by variability in stability 

across tissues and environmental conditions. These challenges underscore the need for 

complementary approaches to achieve accurate PMI estimates.  

Recently, metabolomics has gained a lot of interest in the field of forensic science. Metabolomics 

is a comprehensive analysis of small molecules, or metabolites, within cells, tissues, or organisms, 

offering a detailed snapshot of biochemical alterations that can be correlated with PMI. This 

approach has the potential for higher accuracy and precision, addressing the gaps left by DNA, 

RNA, and protein degradation methods. In the following sections, we will explore the application 

of metabolomics in PMI estimation, highlighting its advantages, and how this emerging field can 

revolutionize forensic investigations. 

  

3.2. Metabolomics in forensic Science: Revolu:onizing post-mortem interval 

(PMI) es:ma:on 

Metabolomics, the comprehensive study of small molecules (metabolites), within biological 

systems, has emerged as a cutting-edge approach in forensic science (Szeremeta et al., 2021). 

The metabolome, which represents the complete set of metabolites in an organism, provides a 

dynamic reflection of the physiological state of cells, tissues, and body fluids (Dunn & Ellis, 2005; 

Zhao & Lin, 2014). These metabolites, which can be endogenous-produced within the body by 

gut microbiota processing and/or exogenous, derived from external sources, such as food, drugs, 

and environmental factors, offer a holistic view of an organism’s biochemical status (Agin et al., 

2016; Dufour-Rainfray et al., 2020). The study of metabolomics not only allows for the monitoring 

of biological processes but also provides crucial insights into the functional and metabolic 

responses to environmental and physiological changes. Therefore, it may aid in the identification 
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of potential biomarkers for disease diagnosis and risk assessments (Lin et al., 2024; Monteiro et 

al., 2013; A. Zhang et al., 2015).   

In forensic science, metabolomics has shown great potential, particularly in the estimation of PMI 

(Chighine et al., 2021) and forensic toxicology (Szeremeta et al., 2021).  After death, the body’s 

metabolic processes begin to deteriorate, leading to a cascade of biochemical changes (Akçan et 

al., 2020; Dawidowska et al., 2021). These changes are characterized by the cessation of cellular 

respiration, altered enzymatic activity, disruption of metabolic pathways, and degradation of 

cells and tissues (Akçan et al., 2020; Dawidowska et al., 2021). Several studies have highlighted 

the utility of metabolomics in tracking post-mortem biochemical changes. A study by Ortiz (2019) 

involved the 1H-Nuclear Magnetic Resonance (NMR) spectroscopy-based metabolomic study of 

six biological matrices: heart, kidney, liver, spleen, skin, and white adipose tissue from ten adult 

mice at three time points (immediate, 6 hours and 24 hours after euthanasia). The study detected 

forty-three metabolites modulated post-mortem. They observed the highest metabolic 

perturbations, particularly in the kidney, heart, and spleen. In addition, they showed that early 

metabolic modulations were associated with energy metabolism and DNA synthesis however, 

microbial metabolism was related to late PMI (Mora-Ortiz et al., 2019). A study by Donaldson and 

Lamont (2015) investigated the metabolomic profile of post-mortem rat blood using a Gas 

Chromatography coupled with Mass Spectrometry (GC-MS) approach. The study detected sixty-

six metabolites, with twenty-six showing evident PMI-dependent increase (Donaldson & Lamont, 

2015). These included eighteen amino acids, glutathione (GSH), 4-Amino-n-butyric acid (GABA), 

glyoxylate, oxalate, hydroxyproline, creatinine, α-ketoglutarate, and succinate (Donaldson & 

Lamont, 2015). The observed increase in these metabolites might reflect the breakdown of 

cellular structures and the subsequent release of intracellular components into the bloodstream 

as cells degrade. Further research by Pesko et al. (2020) extended these findings through 

untargeted metabolomic analysis of post-mortem rat and human muscle tissue using Liquid 

Chromatography – Mass Spectrometry (LC-MS). The study identified several metabolites, which 

were directly correlated with PMI, including skatole, xanthine, n-acetylneuraminate, 1-methyl 

nicotinamide, choline phosphate, uracil, threonine, tyrosine, and lysine (Pesko et al., 2020). 
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These metabolites are linked to various pathways such as protein catabolism, nucleic acid 

degradation, and energy metabolism, processes that are disrupted following death. 

In addition to tissues, metabolomics has been applied to body fluids, such as vitreous humor (VH) 

and aqueous humor (AH) of the eye, for PMI estimation (Kurup et al., 2023; Locci et al., 2019, 

2023). Studies have shown that the concentration of potassium ions ([K+]) in these fluids 

increases predictably after death (Kurup et al., 2023; Locci et al., 2019, 2023). However, a 

comparative ex vivo study by Locci and colleagues (2021) found that metabolomic profiling of AH 

offered greater predictive power in estimating PMI within the first 24 hours post-mortem, 

compared to traditional [K+] measurements (Locci et al., 2021). Further, a study by Zelentsova et 

al. (2020) compared the metabolomic profile across human serum, AH, and VH by employing 

NMR spectroscopy, for estimating PMI. The study demonstrated a better positive correlation of 

key metabolites with PMI in AH and VH compared to human serum (Zelentsova et al., 2020). 

These metabolites included hypoxanthine, choline, creatine, betaine, glutamate, and glycine 

(Zelentsova et al., 2020). This suggests that the anatomically isolated body fluids such as AH and 

VH better reflect changes in metabolomic profile compared to human serum. Additionally, 

metabolomic analysis of pericardial fluid has shown promising results in PMI estimation. Chighine 

et al. (2023) demonstrated that the ¹H-NMR metabolomic profile of post-mortem pericardial fluid 

correlates well with PMI, particularly up to 100 hours post-mortem. The study highlighted the 

relevance of metabolites such as glycine, ethanolamine, and hypoxanthine in this context 

(Chighine et al., 2023).  

Metabolites, such as hypoxanthine, a key metabolite in the disruption of energy-dependent 

purine catabolism within oxygen-deprived environments, serve as a marker of cellular energy 

depletion. Alongside hypoxanthine, the detection of glycerol and choline-products of lipid 

degradation, and taurine points to ongoing cytoprotective and antioxidative processes 

(Chouchani et al., 2014; Zelentsova et al., 2020, Locci et al., 2019). As choline levels progressively 

increase, this likely reflects the cumulative and irreversible hypoxic/ischemic damage to cellular 

membrane structures. The presence of other metabolites, including creatine, taurine, 

hypoxanthine, 3-hydroxybutyrate, creatinine, and phenylalanine, further suggests a metabolic 

shift (Bonicelli et al., 2022). This shift towards tricarboxylic acid (TCA) cycle anaplerosis (whereby 
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amino acid and ketone bodies are utilized as substrates), helps sustain ATP production during the 

early to mid-postmortem intervals (Bonicelli et al., 2022). These findings underscore the potential 

of pericardial fluids as a reliable matrix for PMI estimation, offering a complementary approach 

to more established methods.  

While metabolomic analysis of various tissues and body fluids has shown promise, these matrices 

are subject to external and internal influences, such as temperature, humidity, geographical 

location, season, body structure of the deceased, age, and the cause of death. These factors can 

introduce variability in the metabolomic profile, further complicating PMI estimation. Therefore, 

a targeted approach focusing on specific tissues with unique anatomical and biochemical 

properties may offer a more reliable means of estimating PMI. 

The pineal gland offers a promising alternative, as its deep intracranial location protects it from 

environmental fluctuations that could alter its metabolomic profile, and its critical role in the 

regulation of circadian rhythm through the synthesis and secretion of melatonin may provide 

time-dependent changes that are useful for estimating PMI. Given these unique properties, this 

study aims to investigate the metabolomic profile of the pineal gland, leveraging its physiological 

characteristics to develop a novel model for PMI estimation. In the following section, we will 

delve deeper into the biology, structure, and function of the pineal gland to better understand 

its potential for post-mortem metabolomic analysis. 

 

4.  The pineal gland: Structure, func:on, and its role in post-mortem interval 

(PMI) es:ma:on 

4.1. Biology and structure of the pineal gland 

The pineal gland is a small, cone-shaped endocrine organ located deep within the brain, 

specifically in the epithalamus. Measuring about 5 to 8 mm in length, it is positioned between 

the two cerebral hemispheres and is attached to the roof of the third ventricle. Its deep 

intracranial location protects it from external environmental fluctuations such as temperature 

and humidity, which is critical for forensic applications. Histologically, the pineal gland is primarily 

composed of pinealocytes (~95%), the cells responsible for the rhythmic secretion of N-acetyl-5-
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methoxytryptamine, commonly known as melatonin (Peruri et al., 2022). Other cell types include 

microglia, vascular and leptomeningeal cells (VLMCs), and endothelial cells (Olcese et al., 2019). 

The pineal gland is highly vascularized, allowing for efficient metabolic exchange, and 

contributing its distinct metabolomic profile. Over time, calcifications, often referred to as brain 

sand, accumulate in the gland, particularly in older individuals (Tan et al., 2018). The deep 

intracranial location and rich blood supply make the pineal gland an ideal tissue for post-mortem 

analysis, as it remains shielded from rapid environmental degradation, a common issue in other 

tissues used for forensic purposes. 

 

4.2. Physiological func:ons: Melatonin secre:on, circadian regula:on, and 

metabolic ac:vity 

The primary function of the pineal gland is the production and secretion of melatonin, a hormone 

that regulates the body’s circadian rhythms (Tan et al., 2018). The secretion of melatonin is 

primarily controlled by light exposure and follows a distinct day-night cycle. At night, the 

hypothalamic suprachiasmatic nucleus (SCN), a central circadian pacemaker, receives signals 

from the retina and prompts the pineal gland to produce melatonin, which peaks during the night 

and decreases in daylight (Arendt & Aulinas, 2022).  

Melatonin synthesis is driven by the conversion of serotonin into melatonin via two key enzymes: 

arylalkyl amine N-acetyltransferase (AANAT), the rate-limiting enzyme in the synthesis of 

melatonin, and hydroxyindole-O-methyltransferase (HIOMT), which catalyzes the final step of 

the process (Masters et al., 2014). Given the pineal gland’s role in circadian regulation, a 

metabolite involved in melatonin synthesis, serotonin, and AANAT, exhibits predictable patterns 

based on the time of day (Borjigin et al., 2011; Deguchi, 1979; Gastel et al., 1998). This diurnal 

rhythm provides an opportunity to investigate not only the time since death but also whether 

death occurred during the day or night, further enhancing the forensic applicability of the pineal 

gland. In addition to its role in regulating the sleep-wake cycle, melatonin possesses antioxidant 

properties, protecting cells from oxidative stress (Tan et al., 2007). It also modulates other 

physiological processes, including immune response (Moslehi et al., 2022) and energy 

metabolism (Owino et al., 2019). This robust physiological role suggests that melatonin and its 
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related metabolic pathways may degrade or shift in predictable ways post-mortem, making the 

pineal gland an excellent tissue for forensic investigation. Given the pineal gland's high metabolic 

activity, its metabolites are likely to undergo time-dependent changes following death. The 

concentrations of certain metabolites may either increase or decrease as cellular respiration 

ceases and autolysis begins, offering a measurable timeline that could correlate with the PMI 

(Chighine et al., 2023; Steuer et al., 2024). The pineal gland’s active participation in various 

metabolic pathways further supports its utility in forensic studies, as the shifts in its metabolomic 

profile may provide an accurate reflection of the time since death. 
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Figure 1: Schematic diagram for the melatonin synthesis by the Pineal gland the main 
modulator to regulate the circadian rhythm. (1) In the absence of light, (2) the suprachiasmatic 
nucleus (SCN) in the hypothalamus is activated, leading to the (3) release of glutamate and 
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inhibition of γ-aminobutyric acid (GABA) release. (4) This glutamate activates the paraventricular 
nucleus (PVN), which subsequently (5) stimulates the pineal gland to synthesize and release 
melatonin. (6) In the melatonin synthesis pathway, tryptophan is first converted to 5-
hydroxytryptophan, which is then transformed into serotonin. Serotonin is further converted to 
N-acetylserotonin by the enzyme arylalkylamine N-acetyltransferase (AANAT), and finally into 
melatonin by hydroxyindole-O-methyltransferase (HIOMT). (7) The resulting melatonin is 
released into circulation, where it regulates circadian rhythms 

  

2.1. Relevance of the pineal gland to post-mortem interval (PMI) es:ma:on 

One of the key challenges in PMI estimation is the variability introduced by external factors like 

temperature and humidity, which can affect the rate of decomposition (Shedge et al., 2023).  

However, due to its deep intracranial location and protection from the external environment, the 

pineal gland is less affected by these factors, making it a more stable matrix for forensic analyses 

compared to other tissues like blood or skin. 

After death, the cessation of cellular processes leads to predictable biochemical changes. Many 

studies have investigated the circadian changes in the human pineal gland through genomics, 

transcriptomics, and proteomics approaches (Dumas et al., 2021; Olcese et al., 2019). For 

instance, research on rat pineal glands has revealed the differential expression of 604 genes 

between day-time and night-time (Bailey et al., 2009). Of great interest, AANAT was highly 

expressed during night-time along with other genes (Bailey et al., 2008). Similarly, proteomic 

analyses of rat pineal glands have demonstrated night-time upregulation of 25 different proteins, 

including enolase, creatine kinase, and annexin-V, which are involved in several cellular 

processes, such as glucose metabolism, the Krebs cycle, and energy transduction (Møller et al., 

2007a). Importantly, annexin-V, a calcium-dependent membrane binding protein, forms voltage-

dependent calcium channels which are essential for the nocturnal increase in AANAT activity 

(Zawilska & Nowak, 1990). Interestingly, in humans, proteomic studies have identified the 

upregulation of several glycolytic enzymes, such as 6-phosphofructokinase, glyceraldehyde 3-

phosphate dehydrogenase, and hexokinase-1, during the day-time. On the contrary, multiple 

metabolic proteins, such as enolase-1, lactate dehydrogenase, 6-phosphogluconolactonase, and 

ATP synthase subunit O were upregulated during night-time (Dumas et al., 2021). These circadian 

rhythmic changes provide further evidence that the time of death can be inferred based on the 
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metabolic state of the pineal gland at the time of autopsy. A study by Ackermann and colleagues 

(2006) found a direct correlation between the time of death, AANAT activity, and melatonin 

content, with higher levels observed in night-time post-mortem pineal glands (Ackermann et al., 

2006). This supports the idea that melatonin and its related metabolites degrade in a time-

dependent manner after death, offering a reliable means of PMI estimation. 

Overall, the pineal gland’s unique combination of anatomical protection, circadian regulation, 

and active metabolic involvement makes it a compelling tissue for forensic analysis. Its location 

shields it from environmental factors that can confound traditional PMI estimation methods, and 

its role in melatonin production provides a time-dependent marker that correlates with both the 

time of death and the PMI. By leveraging the metabolomic profile of the pineal gland through 

advanced techniques like ¹H-NMR spectroscopy, this study aims to develop a robust model for 

accurately estimating the PMI, which could offer enhanced precision compared to traditional 

forensic methods, offering new insights into forensic investigations. 
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AIMS AND OBJECTIVES 
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Aim 

The primary aim of this research is to conduct a comprehensive metabolomic profiling of post-

mortem human pineal glands using 1H-Nuclear Magnetic Resonance (NMR) spectroscopy, to 

explore metabolic changes associated with post-mortem interval (PMI). This study also seeks to 

determine how various intrinsic and extrinsic factors, such as time of death (day vs. night), age, 

gender, weight of the pineal gland, and seasonal variation, may influence the metabolomic 

profile of the pineal gland. The ultimate goal is to establish a model that may provide an accurate 

determination of PMI. 

 

Objectives 

1. To evaluate the metabolic difference between the two sagifal secYons of the pineal gland 

using 1H-NMR spectroscopy. 

2. To assess the impact of interindividual factors (e.g. age, gender, and weight of the pineal 

gland) and external factors (e.g. season at the Yme of death) on the pineal gland’s metabolic 

profile. 

3. To idenYfy metabolomic differences between deaths occurring during day-Yme versus 

nigh�me, including an analysis of pathways significantly affected by the Yme of death. 

4. To correlate the metabolomic profile of the pineal gland with post-mortem interval (PMI) for 

potenYal PMI esYmaYon, and to idenYfy key metabolic pathways associated with PMI using 

pathway analysis. 
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MATERIALS AND METHODS 
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1. Pineal gland collec:on 

Human pineal glands were collected during consecutive judicial autopsies (n=15) performed at 

the Forensic and Legal Medicine Institute of the University of Cagliari, Cagliari, Italy. All subjects 

were selected in accordance with standard forensic protocols and ethical guidelines.  

Following routine brain extraction during the autopsy, the brainstem and cerebellum were 

carefully detached from a mesencephalic section, which provided visibility of the pineal gland. 

The gland was identified from beneath and excised through a precise section at its base. 

Immediately following its isolation, the pineal glands were snap-frozen in liquid nitrogen and 

stored at -80°C until further analysis to preserve their morphology and metabolic integrity.  

  

2. Metabolite Extrac:on of Pineal glands 

Prior to the experiment, pineal glands were thawed on ice and weighed. The weights of the pineal 

gland samples were consistent across the population range for pineal glands and are reported in 

Table 2, along with the demographic data of the corresponding individuals. Each pineal gland was 

then bisected into two equal sagittal sections (A and B) using a sterile scalpel. Each section was 

subsequently weighed to ensure accurate sample quantification for further metabolomic 

analysis.  

As described in Figure 2 (Section 1), the extraction procedure for the metabolomic analysis was 

performed by liquid-liquid extraction (LLE) method. Briefly, each sagittal section of the pineal 

gland was homogenized in an ice-cold solution of 600 µl of methanol (HPLC grade, Honeywell, 

Germany) using a Tissue Lyser equipment (Tissuelyser 2, Qiagen, Hilden, Germany). Then 400 µl 

of Milli-Q water and 600 µl of chloroform (HPLC grade, Honeywell, Germany) were added to each 

sample. After homogenization, the mixture was subjected to sonication for 30 minutes then 

incubated for 20 minutes at -20⁰C, then centrifuged for 10 minutes at 8600g at 4⁰C to separate 

the binary phase. The polar phase (aqueous) contained hydrophilic metabolites, while the non-

polar phase (organic) contained lipophilic metabolites. At last, the supernatants (hydrophilic 

phase) were carefully collected in Eppendorf tubes. 600 µl of the hydrophilic supernatant phases 
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were dried under vacuum overnight using a Speed Vacuum concentrator (Eppendorf 

concentrator plus, Eppendorf AG, Hamburg, Germany) (Murgia et al., 2020). 

 
Figure 2: Schematic representation of the metabolomics workflow. (1) Tissue extraction: 
(2) Sample preparation and NMR acquisition, (3) Data processing, and (4) Statistical analysis. 
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Abbreviations: TSP, Trimethylsilylpropanoic acid (internal standard for NMR); NMR, Nuclear 
Magnetic Resonance; SIMCA, Soft Independent Modeling of Class Analogy (software for 
multivariate statistical analysis); PB, Phosphate buffer; D₂O, Deuterium oxide (heavy water, used 
as an NMR solvent); MestReNova, Software for NMR spectral processing. 
 

3. Sample prepara:on for NMR analysis 

The dried samples were subsequently reconstituted with 700 µl of a 0.05 M phosphate buffer 

(PB) solution (pH 7.4) in D2O (99.9%, Cambridge Isotope Laboratories Inc., Andover, USA) 

containing the internal standard sodium 3-(trimethyl- silyl)propionate-2,2,3,3,-d4 (TSP, 98 atom 

% D, Sigma- Aldrich, Milan) at a 0.2 mM final concentration. 650 µl of the resulting solution was 

transferred into a 5 mm NMR tube for ¹H-NMR spectroscopic analysis (Locci et al., 2021) (Figure 

2, Section 2). 

 

4. ¹H-NMR experiments and data processing 

The reconstituted pineal gland samples were analyzed using ¹H-NMR spectroscopy to identify and 

quantify metabolites (Figure 2, Section 2).  ¹H-NMR experiments were conducted on a Varian 

UNITY INOVA 500 spectrometer operating at 499.839 MHz for proton measurement, equipped 

with a 5 mm double-resonance probe (Agilent Technologies, CA, USA). Spectra were acquired at 

300K with a spectral width of 6000 Hz, a 90° pulse, an acquisition time of 2 seconds, a relaxation 

delay of 2 seconds, and 256 scans. A standard presat pulse sequence was used to suppress the 

residual water signal by applying a low-power radiofrequency irradiation for 2 seconds during 

relaxation delay. 

Spectra were processed using MestReNova software (Version 9.0, Mestrelab Research S.L.) 

(Figure 2, Section 3). Prior to Fourier transformation, free induction decays (FID) were multiplied 

by an exponential weighting function equivalent to a line broadening of 0.5 Hz and zero-filled to 

128K. All spectra were phased, baseline corrected, and referenced to the TSP peak at 0.00 ppm. 

The spectral region 0.80 – 9.00 ppm was segmented into consecutive bins of 0.01 ppm width. 

The integrated area within each bin was normalized to a constant sum of 100 for each spectrum 

to minimize differences in sample concentrations. The spectral region containing the residual 
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water signal and the regions containing the resonances of exogenous molecules (ethanol) were 

excluded before from the integration process. Metabolite assignments in the ¹H-NMR spectra 

were performed based on literature data (HMDB database), Chenomx NMR Suite 8.2 Library 

(Chenomx Inc., Edmonton, Canada), and comparison with spectra of standard compounds 

recorded under the same experimental conditions. Using the Chenomx NMR Suite Profiler tool, 

the metabolites of each spectrum were profiled (reported in Table 3) and normalized to the 

weight of the pineal gland sample. The final data sets (both the binned and the profiled one) 

were submitted to multivariate statistical analysis after applying mean centering and Pareto 

scaling (Locci et al., 2021). 

  

5. Mul:variate and Univariate Data Analysis 

To analyze the metabolomic data obtained from ¹H-NMR spectroscopy and to explore data 

patterns, classify sample groups, and correlate metabolite profiles with PMI, a combination of 

unsupervised and supervised multivariate statistical methods was employed (Figure 2, Section 

4). Principal Component Analysis (PCA), an unsupervised dimensionality reduction technique, 

was used as an exploratory method to visualize the overall structure of the dataset. PCA was 

applied to identify specific trends, such as metabolomic differences between pineal gland 

samples, and detect potential outliers within the dataset. To further investigate and classify the 

samples based on predefined groups, supervised Orthogonal Partial Least Squares Discriminant 

Analysis (OPLS-DA) was employed. This supervised method maximized separation between 

groups (e.g., daytime vs. night-time deaths) and identified metabolites responsible for the 

observed differences. In addition, OPLS regression was used to explore the correlation between 

the metabolomic profiles of the pineal gland samples and the PMI. To ensure the robustness and 

generalizability of the multivariate models, 7-fold cross-validation was performed. To test for 

overfitting, permutation testing (n = 500) was conducted. The following criteria were to assess 

model significance: (a) Q2(cum) for the model should be larger than all the results from permuted 

models, (b) the y-intercept of the Q2(cum) fit should be negative, and (c) R2Y(cum) for the model 

should be larger than all the results from permuted models. All multivariate statistical analyses 

were performed using SIMCA P+ software (Version 14.0, Umetrics, Malmo, Sweden). Outputs 
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from the analyses included score plots of the samples, loading plots, and S-plots of the variables 

(metabolites), which were used to interpret the results and identify key metabolites contributing 

to group separations or correlations with PMI. 

For univariate statistical analysis, identified metabolites were analyzed using GraphPad Prism 

10.0 software (Figure 2, Section 4). To compare metabolite concentrations between day-time 

and night-time groups, the Mann-Whitney t-test was applied. To investigate correlations 

between PMI and metabolite concentrations, Pearson’s correlation test was used.  

 

6. Pathway enrichment analysis using MetaboAnalyst 

The pathway enrichment analysis was performed using the MetaboAnalyst 6.0 

(https://www.metaboanalyst.ca/MetaboAnalyst/ModuleView.xhtml), a web-based platform to 

identify metabolic pathways significantly impacted by the metabolomic changes observed in the 

pineal gland (Figure 2, Section 4). Prior to analysis, metabolomic data was pre-processed using 

specific parameters: normalization by sum, no data transformation, and Pareto scaling (mean-

centered and divided by the square root of the standard deviation of each variable). These steps 

helped to account for differences in metabolite concentrations while highlighting biologically 

relevant variations across the dataset. Once the data was normalized and scaled, the metabolite 

concentrations were uploaded into MetaboAnalyst in a .csv format. Metabolites were mapped 

to the KEGG (Kyoto Encyclopedia of Genes and Genomes) database for human pathways, 

ensuring comprehensive coverage of human metabolism. Any unmatched metabolites were 

manually cross-referenced using databases like HMDB and PubChem to ensure accurate 

mapping. 

The pathway enrichment analysis was then conducted, which involved calculating the 

enrichment score for the top 25 pathways based on the number of metabolites that were 

significantly altered relative to the total number of metabolites in that pathway. The results were 

visualized in an enrichment plot, where the x-axis represented the p-values for each pathway, 

and the size of the circles (bubbles) reflected the enrichment ratio, with larger bubbles 

corresponding to pathways with higher enrichment scores. 

https://www.metaboanalyst.ca/MetaboAnalyst/ModuleView.xhtml
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Additionally, a network analysis was performed to explore potential interactions between these 

enriched pathways. Nodes in the network plot represented individual metabolic pathways, and 

edges (lines) connecting the nodes indicated relationships based on shared metabolites or 

metabolic functions. This provided a broader perspective on how metabolic shifts related to PMI 

are interconnected at a systemic level. All the results from MetaboAnalyst, including enrichment 

tables, pathway plots, and network diagrams, were exported for further analysis. Only pathways 

having p-value < 0.05 were considered for the discussion and biological interpretation. 
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RESULTS 
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1. Overview of sample characteris:cs and metabolomic profiling of pineal glands 

The pineal glands were collected from corpses of both genders, with an approximately equal 

distribution (1:1 ratio), aged between 20 and 76 years (mean age = 57.2 ± 14.8 years). The post-

mortem interval (PMI) ranged from 1.5 days (44 hours) to 9 days (219 hours). Of the 15 cases 

studied, nine deaths occurred during day-time (D), and six during night-time (N). The pineal 

glands were classified into D and N groups based on the interval between sunrise and sunset, as 

determined by the specific date and season in Cagliari, Italy (GMT+1). The demographic 

parameters of the studied individuals and characteristics of pineal gland samples are summarized 

in Table 2.  

 

 

Table 2: Demographic characteristics of the studied individuals and characteristics of 
corresponding pineal glands. Abbreviations: F: Female, M: Male, D: Day, N: Night, PG: Pineal 
Gland. 
 

Metabolomic profiling of collected pineal glands was performed using ¹H-NMR spectroscopy, and 

the data processing and normalization were conducted with MestReNova software (as described 

in Materials and Methods, Section 5). A total of 44 metabolites were identified and profiled using 

the Chenomx NMR Suite Profiler tool (Table 3). These include amino acids, amines, purine, and 
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pyrimidine derivatives, as well as intermediates of the tricarboxylic acid (TCA) cycle and other 

organic acids, which belong to a broad range of metabolic classes. 

 

 
Table 3: List of metabolites identified from 1H-NMR spectra of the post-mortem human pineal 
glands. Abbreviations: NMR, Nuclear Magnetic Resonance. 
 

2. Metabolomic comparison of the two sagiYal sec:ons of the pineal gland 

To evaluate potential metabolic differences between the two sagittal sections of the post-

mortem human pineal gland, independent ¹H-NMR metabolomic profiling was performed. 

Principal Component Analysis (PCA) was applied to both binned and profiled datasets to explore 
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potential metabolic variation, with corresponding loading plots used to identify the metabolites 

contributing to the observed variance.  

The PCA score scatter plot obtained from the binned data showed no evident separation between 

the two sagittal sections, indicating a high degree of similarity in their metabolic profiles (Figure 

3A). However, notable interindividual variation was observed, with the first three principal 

components (PCs) explaining 73.1% of the total variance (Figure 3A). This high percentage 

suggests that the majority of the metabolic differences in the dataset are effectively captured by 

these components of two sagittal sections. The corresponding PCA loading plot shows the 

distribution of metabolites contributing to the variance observed in the pineal gland samples 

(Figure 3B).  

Further, profiled ¹H-NMR data were analyzed to provide a more detailed view of the individual 

metabolites rather than the segmented spectral bins. The PCA score scatter plot derived from 

the profiled data demonstrated no discernible separation between the two sagittal sections, with 

the first three components explaining 71.8% of the total variance (Figure 3C). This suggests that 

the metabolomic profiles of the two sections are highly similar, with most of the metabolic 

variability accounted for by these components. The loading plot shows the distribution of 

individual metabolites within the samples (Figure 3D).  
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Figure 3: Principal Component Analysis (PCA) found no notable metabolic differences between 
the two sagittal sections of post-mortem human pineal glands. (A, C) Score scatter plot of (PC1 
versus PC2, representing sections A and B from the two sagittal sections of the pineal gland. 
Scores are color-coded based on individual pineal glands and labelled by two sagittal sections. 
Score scatter plot obtained from (A) Binned data (A = 3, total variance = 73.1%), and (C) profiled 
data (A = 3, total variance = 71.8%). (B, D) Loading plot obtained from (B) binned data, and (D) 
profiled data, highlighting the metabolites contributing to the sample distribution observed in 
the score plot. 
 

3. Effects of weight of the pineal gland on its metabolomic profile 

To explore whether the weight of the pineal gland influences its metabolic profile, we stratified 

the pineal glands based on their respective weights and employed PCA. The PCA score scatter 

plot generated from the binned data revealed no appreciable differences in the distribution of 

samples based on the weight of the pineal gland (Figure 4A). This suggests that the metabolic 

profiles of the pineal glands are independent of their weights. Similarly, the PCA score scatter 

plot derived from the profiled data showed minimal separation between samples of varying 
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weights (Figure 4B), suggesting that weight is not a critical factor influencing the metabolic 

composition of the pineal gland.  

 

 
Figure 4: Principal component analysis (PCA) analyses revealed no major metabolic differences 
in the pineal glands based on the weight of the pineal gland. (A, B) PCA model: Score scatter 
plot of PC1 versus PC2 for pineal gland samples, representing two sagittal sections from 
individual pineal glands. Scores are color-coded by the individual pineal gland and labelled by 
their respective weight. Score scatter plot obtained from (A) binned data (A = 3, total variance = 
73.1%), and (B) profiled data (A = 3, total variance = 71.8%). 
 

4. Effects of gender on the pineal gland’s metabolomic profile 

To investigate whether gender influences the metabolomic profile of the pineal gland, we 

stratified the samples by gender. PCA and supervised OPLS-DA were utilized to assess whether 

the metabolic differences between male and female individuals were substantial. 

The PCA score scatter plot generated from the binned data revealed no major separation 

between male and female pineal gland samples (Figure 5A). Subsequent OPLS-DA yielded R² = 

0.39 and Q² = 0.15 (Figure 5B), indicating relatively low predictive power and model fit, 

suggesting minimal metabolic differences between male and female samples in the binned 

dataset. 

Similarly, the PCA score scatter plot from the profiled dataset also showed minimal separation 

between male and female samples, consistent with the binned dataset analysis (Figure 5C). The 

corresponding OPLS-DA model for the profiled data provided R² = 0.36 and Q² = 0.13 (Figure 5D), 

suggesting only marginal predictive power and a moderate model fit. Collectively, the above 
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findings suggest that gender has only a minor influence on the metabolomic profile of the pineal 

gland, with no substantial differences observed in either the binned or profiled datasets. 

 

 
Figure 5: Principal component analysis (PCA) and Orthogonal Partial Least Squares Discriminant 
Analysis (OPLS-DA) revealed no significant metabolic differences in the pineal glands based on 
gender. (A, C) PCA model: Score scatter plot of PC1 versus PC2 for pineal gland samples, 
representing two sagittal sections from individual pineal glands.  Scores are color-coded by 
gender and obtained from (A) binned data (A = 3, total variance = 73.1%), and (C) profiled data 
(A = 3, total variance = 71.8%). (B, D) OPLS-DA score scatter plot based on gender obtained from 
(B) binned data (A=1+1, R2Y= 0.39, Q2Y = 0.15), and (D) profiled data (A=1+1, R2Y= 0.36, Q2Y = 
0.13). 
 

5. Effects of age on the pineal gland’s metabolomic profile 

To study whether age influences the metabolomic profile of the pineal gland, we classified the 

samples based on the age of the individuals, and PCA and OPLS regression were used to evaluate 

the potential correlations between age and metabolic variation. 

The PCA score scatter plot derived from the binned data revealed no clear separation between 

samples based on age (Figure 6A). The distribution of the samples suggests that the metabolic 
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profiles of the pineal glands are largely independent of age, as no distinct clustering or trends 

were observed. To explore this further, OPLS regression was applied to the binned dataset, 

providing R² = 0.52 and Q² = 0.142 (Figure 6B). These indicate that while the model fit is 

moderate, the predictive power is weak. 

The PCA score scatter plot from the profiled dataset also demonstrated minimal separation 

between samples of different ages (Figure 6C). The corresponding OPLS regression plot for the 

profiled dataset provided R² = 0.54 and Q² = 0.32 (Figure 6D). These values reflect a slight 

improvement in both fit and predictive power compared to the binned dataset, likely due to the 

reduced noise and enhanced robustness of the profiled data. Overall, the results suggest that 

minor age-related variations may exist in specific metabolites, and future studies with larger 

cohorts are needed to validate these findings and determine the potential influence of age with 

greater confidence. 

 

 
Figure 6:  Principal component analysis (PCA) and Orthogonal partial least squares (OPLS) 
analyses revealed no significant metabolic differences in the pineal glands based on age.  (A, 
C) PCA model: Score scatter plot of PC1 versus PC2 for pineal gland samples, representing two 
sagittal sections from individual pineal glands.  Scores are color-coded by age of individuals of 
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the respective pineal gland and obtained from (A) binned data (A = 3, total variance = 73.1%), 
and (C) profiled data (A = 3, total variance = 71.8%). (B, D) OPLS regression curve based on the 
age of individuals of respective pineal glands (samples are labelled by age of individual of the 
respective pineal gland) obtained from (B) binned data (R2Y= 0.52, Q2Y = 0.142), and (D) profiled 
data (R2Y= 0.54, Q2Y = 0.32).  

 

6. Effects of season at the :me of death on the pineal gland’s metabolomic profile 

Next, we evaluated the effect of the season at the time of death on the metabolic profile of the 

pineal gland. For this purpose, we stratified the samples based on the season (summer-April 

through September vs. winter-October through March) and utilized PCA and supervised OPLS-DA 

to detect if metabolic differences were affected by season at the time of death. 

The PCA score scatter plot obtained from the binned data showed no distinct separation between 

the samples based on the season (summer vs. winter) (Figure 7A). The OPLS-DA plot for the 

binned data provided R² = 0.49 and Q² = 0.19 (Figure 7B), reflecting low predictive power and a 

moderate model fit.  

In addition, the PCA score scatter plot from the profiled data demonstrated no marked 

differences between samples from summer and winter groups (Figure 7C). The OPLS-DA plot for 

the profiled data provided R² = 0.58 and Q² = 0.32 (Figure 7D), further supporting the results that 

seasonal differences do not exert a significant influence on the metabolomic composition of the 

pineal gland. However, the Q² value for the profiled data is higher than that for the binned data, 

suggesting that minor season-related variations may exist in the metabolomic profile of pineal 

glands, and future studies with larger cohorts are needed. 
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Figure 7: Principal component analysis (PCA) and Orthogonal partial least squares (OPLS) 
analyses revealed no significant metabolic differences in the pineal glands based on season at 
the time of death. (A, C) PCA model: Score scatter plot of PC1 versus PC2 for pineal gland 
samples, representing two sagittal sections from individual pineal glands.  Scores are color-coded 
by season at the time of death (Summer: April to September, Winter: October to March), and 
obtained from (A) binned data (A = 3, total variance = 73.1%), and (C) profiled data (A = 3, total 
variance = 71.8%). (B, D) OPLS-DA score scatter plot based on the season at the time of death 
obtained from (B) binned data (A=1+1, R2Y= 0.49, Q2Y = 0.19), and (D) profiled data (A=1+1, R2Y= 
0.58, Q2Y = 0.32). 
 

7. Metabolomic differences between day-:me and night-:me deaths 

Next, we investigated the metabolic differences between deaths occurring during day-time and 

night-time, by categorizing samples based on the time of death. ¹H-NMR metabolomic analysis 

was conducted on both binned and profiled datasets and PCA and OPLS-DA were used to assess 

separation between the two groups, followed by a predictive loading plot to identify key 

metabolites distinguishing day-time from night-time deaths. 

In the PCA score scatter plot derived from the binned dataset, a clear separation between the 

day-time and night-time groups is evident (Figure 8A). However, two samples from the N group, 
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samples 13 and 15, clustered with the day-time group in the multivariate space (Figure 8A). 

Further forensic review revealed possible explanations for these outliers: sample 13 was involved 

in a night-time assault (~05:00 AM) and engaged in a struggle, which may have disrupted the 

individual's circadian rhythm and influenced the metabolomic profile. The individual with sample 

15 was hospitalized in an intensive care unit (ICU), who may have had their circadian rhythm 

affected by the continuous artificial lighting present in the ICU, which mimics daylight, ultimately 

affecting metabolomic profile. Following the PCA, OPLS-DA was applied to the binned dataset to 

further assess the separation between day-time and night-time deaths (Figure 8B). The analysis 

provided a model with R²Y = 0.51 and Q²Y = 0.28, indicating a moderate model fit and weak 

predictive power. The R² value represents the goodness of fit of the model, while the Q² value 

reflects its predictive ability. Despite the overall clear separation between the day-time and 

night-time groups, samples 13 and 15 continued to cluster with the day-time group, confirming 

the potential influence of light on these individuals’ metabolomic profiles (Figure 8B). The 

predictive loading plot for the binned dataset identified lactate as a key metabolite elevated 

during day-time deaths, while choline and taurine were elevated during night-time deaths (Figure 

8C).  

In the PCA score plot derived from the profiled dataset, a similar clear separation was observed 

between the day-time and night-time groups (Figure 8D). However, samples 13 and 15 again 

clustered with the day-time group. The OPLS-DA analysis on the profiled data also showed 

separation between the day-time and night-time groups, with a model fit of R²Y = 0.47 and Q²Y 

= 0.19, again indicating weak predictive power (Figure 8E). As with the binned analysis, samples 

13 and 15 did not follow the expected pattern for night-time deaths and continued to cluster 

with the day-time group (Figure 8E). In the predictive loading plot generated from the profiled 

dataset, the similar trend of metabolic differences between day-time and night-time deaths were 

observed (Figure 8F). Lactate was significantly higher in day-time deaths, while choline and 

taurine remained elevated in night-time deaths (Figure 8F). These consistent metabolomic shifts 

across both the binned and profiled datasets further support the hypothesis that specific 

metabolites, particularly lactate, choline, and taurine, play critical roles in distinguishing between 

deaths occurring during the day-time or night-time. 
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Figure 8:  Principal component analysis (PCA) and Orthogonal partial least squares discriminant 
analysis (OPLS-DA) revealed clear metabolomic distinctions between day-time (D) and night-
time (N) deaths. (A, D) PCA model: Score scatter plot of PC1 versus PC2 for pineal gland samples, 
representing two sagittal sections from individual pineal glands.  Scores are color-coded by time 
of death (D = death occurred during day-time and N = death occurred during night-time) and 
obtained from (A) binned data (A = 3, total variance = 73.1%), and (D) profiled data (A = 3, total 
variance = 71.8%). (B, E) OPLS-DA score scatter plot based on time of death obtained from (B) 
binned data (A=1+1, R2Y= 0.51, Q2Y = 0.28), and (E) profiled data (A=1+1, R2Y= 0.47, Q2Y = 0.19). 
(C, F) Predictive loading plot of metabolites obtained by the OPLS-DA model from (C) binned data, 
and (F) profiled data. 
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Next, to further investigate the behavior of samples 13 and 15, we reclassified these two samples 

as belonging to the day-time group in both the binned and profiled datasets and OPLS-DA 

modeling was reperformed. This reclassification resulted in an improved model with R2Y= 0.75, 

Q2Y = 0.64 for the binned dataset (Figure 9A) and R2Y= 0.70, Q2Y = 0.58 for the profiled dataset 

(Figure 9B). These improved values indicate a better model fit and stronger predictive power, 

suggesting that the metabolomic profiles of these samples are more reflective of light exposure 

(light vs. dark) rather than strictly the time of death (day vs. night). The predictive loading plot 

for both the binned and profiled dataset identified lactate as a key metabolite elevated during 

day-time deaths, while choline (in both datasets) and lysine (in the profiled dataset) were 

elevated during night-time deaths (Figure 9C, D).   

 

Figure 9: Orthogonal partial least squares discriminant analysis (OPLS-DA) revealed clear 
metabolomic distinctions between day-time (D) and night-time (N) deaths, samples 13 and 15 
were reclassified as belonging to the D group. (A, C) OPLS-DA score scatter plot based on time 
of death obtained from (A) binned data (A=1+1, R2Y= 0.75, Q2Y = 0.64), and (C) profiled data 
(A=1+1, R2Y= 0.70, Q2Y = 0.58). (B, D) Predictive loading plot of metabolites obtained by the OPLS-
DA model from (B) binned data, and (D) profiled data. 
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Next, to ensure the robustness of the OPLS-DA model and to rule out overfitting, a permutation 

test with 500 permutations was performed. The significance of the model was assessed through 

500 applications in which some Q² values of permuted Y vectors were equal to the original one 

and the regression of the Q² line had an intercept below zero (−0.38) for both binned and profiled 

spectra (Figure 10A, C). However, when the permutation test was reperformed with the new 

OPLS-DA models (where samples 13 and 15 were reclassified as a day-time group), the results 

showed substantial improvements. The Q² values of the permuted Y vectors were lower than the 

original one and the regression Q² line had an intercept below zero (-0.45 for binned data and -

0.44 for profiled data) (Figure 10B, D). These findings demonstrate that the reclassified models 

are not overfitted and exhibit better predictive validity. The observed Q² values in the reclassified 

models indicate enhanced predictive power, confirming that the separation between day-time 

and night-time deaths is statistically significant and not due to random variation. The improved 

results from the permutation test further validate the OPLS-DA models and reinforce the 

conclusions that metabolomic differences between the two groups (day-time and night-time 

deaths) are robust and reliable in both binned and profiled datasets. 

Given that the reclassified models (with samples 13 and 15 assigned to the day-time group) 

demonstrated better predictive performance and model validity, all subsequent analyses and 

interpretations were based on these updated models. This approach ensures a more accurate 

understanding of the metabolomic differences between day-time and night-time deaths. 
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Figure 10: Permutation test results for the OPLS-DA model assessing metabolomic differences 
between day-time (D) and nighttime (N) deaths, with and without reclassification of samples 
13 and 15. (A) Initial permutation test for the binned data (R² = 0.0, 0.29 and Q² = 0.0, -0.37) and 
(C) profiled data (R² = 0.0, 0.26 and Q² = 0.0, -0.37), including all samples in their original 
classification (samples 13 and 15 in the N group). (B) Permutation test for the binned data (R² = 
0.0, 0.25 and Q² = 0.0, -0.45) and (D) profiled data (R² = 0.0, 0.22 and Q² = 0.0, -0.44) after 
reclassifying samples 13 and 15 to the D group. The permutation tests were conducted with 500 
permutations to validate the OPLS-DA model’s robustness and avoid overfitting. Lower R² and Q² 
values in panels B and D reflect the model’s refinement following the reclassification of samples 
13 and 15. Abbreviation: OPLS-DA, Orthogonal partial least squares discriminant analysis. 
 

8. Iden:fying key metabolites discrimina:ng between day-:me and night-:me 

deaths: Variable importance in projec:on (VIP) score 

To further identify the metabolites contributing most significantly to the differentiation between 

day-time and night-time deaths, variable importance in projection (VIP) scores were calculated 

from the OPLS-DA model of profiled spectra. The VIP scores reflect the importance of each 

metabolite in the model, with metabolites having VIP scores greater than 1 considered significant 

in distinguishing between the two groups. 
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The analysis revealed the top 30 metabolites contributing to the separation of the day-time and 

night-time groups. The heatmap visually represents the relative concentrations of these 

metabolites, with colored boxes indicating higher concentrations (red) or lower concentrations 

(blue) in each group (Figure 11). Among the identified metabolites, choline, ethanolamine, 

xanthine, threonine, lactate, ornithine, glutamine, lysine, valine, glutamate, methionine, glycine, 

isoleucine, betaine, hypoxanthine, histidine, tyrosine, formate, serine, alanine, and taurine 

emerged as the most significant contributors (VIP scores > 1). 

Among these metabolites' choline, ethanolamine, xanthine, threonine, ornithine, lysine, valine, 

methionine, glycine, isoleucine, betaine, histidine, tyrosine, formate, serine, alanine, and taurine 

were elevated in the night-time group, supporting previous findings from the OPLS-DA analysis 

(Figure 11). Conversely, lactate, glutamine, glutamate, and hypoxanthine were present in higher 

concentrations in the day-time group (Figure 11). These findings provide further validation of the 

metabolomic differences between day-time and night-time deaths, with specific metabolites 

acting as key markers for time-of-death differentiation. 

This analysis not only confirms the importance of certain metabolites previously identified 

through the analyzed datasets but also expands on the range of biochemical pathways involved 

in the distinction between day-time and night-time deaths. The VIP scores offer a deeper insight 

into the metabolic shifts that occur depending on the time of death and further underscore the 

potential forensic value of metabolomic profiling in post-mortem investigations. 
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Figure 11: Variable importance projection (VIP) scores from the OPLS-DA model identified key 
metabolites discriminating between day-time (D) and night-time (N) deaths. The colored 
heatmap indicates higher (red) or lower (blue) relative concentrations of the corresponding 
metabolites in each group. Abbreviation: OPLS-DA, Orthogonal partial least squares discriminant 
analysis. 
 

Following the multivariate analysis, an unpaired t-test (univariate analysis) was employed to 

statistically validate the differences in metabolite levels between the day-time and night-time 

groups. This analysis complements the findings from the VIP scores and OPLS-DA, providing 

specific statistical significance for individual metabolites. 

The unpaired t-test identified a few metabolites that were significantly different between the 

two groups, with a threshold p-value < 0.05 used to determine statistical significance (Figure 12). 
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Choline, ethanolamine, xanthine, threonine, ornithine, lysine, valine, alanine, glycine, serine, 

methionine, histidine, isoleucine, inosine, and tyrosine were significantly elevated in the night-

time group (p < 0.05) (Figure 12A-P). In contrast, metabolites such as lactate, glutamate, 

glutamine, sn-glycerol-3-phosphocholine, and o-phosphocholine showed significantly higher 

levels in the day-time group compared to the night-time group (p < 0.05) (Figure 12Q-U). These 

findings are consistent with the multivariate results (VIP scores). 

 

 
Figure 12: Key metabolites discriminating between day-time (D) and night-time (N) deaths. (A-
H) The box plots generated by unpaired t-test of metabolites (A) choline, (B) ethanolamine, (C) 
xanthine, (D) threonine, (E) ornithine, (F) lysine, (G) valine, (H) alanine, (I) glycine, (J) serine, (K) 
methionine, (L) histidine, (M) isoleucine, (N) inosine, (O) tyrosine, (P) ethylene glycol, (Q) lactate, 
(R) glutamate, (S) glutamine, (T) glycerol-3-phosphocholine, and (U) O-phosphocholine between 
D and N groups. Red dots and blue triangles within boxes indicate the values of individual pineal 
glands in the D and N groups, respectively. Box plots indicate the top and bottom quartiles; 
whiskers refer to the top and bottom 90 %. *p < 0.05, **p < 0.01, and ***p < 0.001  
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9.  Enrichment analysis of pineal gland metabolomics: Iden:fica:on of 

significantly impacted metabolic pathways in between day-:me and night-

:me deaths 

To gain further insights into the biochemical pathways impacted by the metabolomic differences 

between day-time and night-time deaths, an enrichment analysis was conducted using 

MetaboAnalyst on the profiled spectra. This analysis identified metabolic pathways significantly 

perturbed based on the metabolite concentration changes detected in the metabolomic profiles. 

The enrichment analysis revealed 24 significantly affected metabolic pathways out of the top 41 

identified (Figure 13). The x-axis in the pathway overview graph represents p-values, with lower 

values indicating higher statistical significance, while spot sizes reflect enrichment ratios, with 

larger spots corresponding to greater pathway enrichment (ranging from 3 to 5) (Figure 13).  

The most enriched pathways include glycerophospholipid metabolism, glutathione metabolism, 

glyoxylate and dicarboxylate metabolism, glycine, serine and threonine metabolism, arginine 

biosynthesis, porphyrin metabolism, purine metabolism, nitrogen metabolism, pyrimidine 

metabolism, primary bile acid biosynthesis, lipoic acid metabolism, lysine degradation, biotin 

metabolism, alanine, aspartate and glutamate metabolism, histidine metabolism, cysteine and 

methionine metabolism, butanoate metabolism, valine, leucine and isoleucine biosynthesis, 

pantothenate and CoA biosynthesis, arginine and proline metabolism, selenocompound 

metabolism, D-Amino acid metabolism, sphingolipid metabolism, and taurine and hypotaurine 

metabolism (Figure 13, Table 4).  

These pathways reflect significant perturbations based on the changes in specific metabolites, as 

indicated by both the p-values and the enrichment ratios. Notably, metabolites such as taurine, 

methionine, and choline, previously identified as key contributors through VIP score and 

univariate analysis, were prominently associated with these enriched pathways. These findings 

reinforce the importance of these metabolic processes in distinguishing day-time and night-time 

deaths. 
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Figure 13: Enrichment analysis revealed significantly impacted metabolic pathways between 
day-time (D) and night-time (N) deaths. Each dot represents a pathway, with the x-axis indicating 
p-values (reflecting statistical significance). Larger dot sizes correspond to higher enrichment 
ratios and dark red color corresponds to lower p-value, indicating a greater impact of that 
pathway in the data set. 
 

Metabolite set Total Hits Statistic 
Q 

Expected 
Q 

P value Holm P FDR 

Glycerophospholipid 
metabolism 

36 4 27.362 3.4483 9.8349E-6 4.0323E-4 4.0323E-4 

Glutathione metabolism 28 3 23.049 3.4483 1.5951E-4 0.0063805 0.0025766 
Glyoxylate and dicarboxylate 
metabolism 

31 7 16.115 3.4483 1.8853E-4 0.0073527 0.0025766 

Glycine, serine and threonine 
metabolism 

33 7 20.242 3.4483 3.7351E-4 0.014193 0.0038285 

Arginine biosynthesis 14 5 19.395 3.4483 7.4889E-4 0.027709 0.0053966 
Porphyrin metabolism 31 2 21.231 3.4483 8.1811E-4 0.029452 0.0053966 
Purine metabolism 70 4 27.585 3.4483 9.2137E-4 0.032248 0.0053966 
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Nitrogen metabolism 6 2 23.369 3.4483 0.001301 0.044265 0.0066723 
Pyrimidine metabolism 39 3 27.448 3.4483 0.001667 0.055024 0.0075959 
Primary bile acid biosynthesis 46 2 18.97 3.4483 0.002995 0.095845 0.01228 
Lipoic acid metabolism 28 2 23.962 3.4483 0.005294 0.16412 0.019732 
Lysine degradation 30 1 22.333 3.4483 0.008361 0.25085 0.024826 
Biotin metabolism 10 1 22.333 3.4483 0.008361 0.25085 0.024826 
Alanine, aspartate and 
glutamate metabolism 

28 10 13.156 3.4483 0.008477 0.25085 0.024826 

Histidine metabolism 16 3 12.768 3.4483 0.015951 0.43068 0.042965 
Cysteine and methionine 
metabolism 

33 3 15.894 3.4483 0.017034 0.44288 0.042965 

Butanoate metabolism 15 4 12.08 3.4483 0.017831 0.44578 0.042965 
Valine, leucine and isoleucine 
biosynthesis 

8 4 16.254 3.4483 0.018863 0.45271 0.042965 

Pantothenate and CoA 
biosynthesis 

20 3 12.394 3.4483 0.022069 0.50759 0.047623 

Arginine and proline 
metabolism 

36 6 10.554 3.4483 0.034417 0.75717 0.070554 

Selenocompound metabolism 20 1 14.507 3.4483 0.037842 0.79468 0.073882 
D-Amino acid metabolism 15 1 13.309 3.4483 0.047458 0.94917 0.080029 
Sphingolipid metabolism 32 1 13.309 3.4483 0.047458 0.94917 0.080029 
Taurine and hypotaurine 
metabolism 

8 1 13.073 3.4483 0.049624 0.94917 0.080029 

Valine, leucine and isoleucine 
degradation 

39 3 12.392 3.4483 0.051738 0.94917 0.080029 

Tyrosine metabolism 42 3 11.431 3.4483 0.051962 0.94917 0.080029 
Ubiquinone and other 
terpenoid-quinone biosynthesis 

18 1 12.754 3.4483 0.052702 0.94917 0.080029 

Ether lipid metabolism 20 1 12.501 3.4483 0.05528 0.94917 0.080946 
Ascorbate and aldarate 
metabolism 

9 1 8.7799 3.4483 0.11185 1.0 0.15286 

Inositol phosphate metabolism 30 1 8.7799 3.4483 0.11185 1.0 0.15286 
Phenylalanine metabolism 8 2 6.3121 3.4483 0.17197 1.0 0.21722 
Phenylalanine, tyrosine and 
tryptophan biosynthesis 

4 2 6.3121 3.4483 0.17197 1.0 0.21722 

beta-Alanine metabolism 21 3 5.9046 3.4483 0.17484 1.0 0.21722 
Citrate cycle (TCA cycle) 20 3 5.4197 3.4483 0.20016 1.0 0.24137 
Propanoate metabolism 21 1 5.373 3.4483 0.21775 1.0 0.25508 
Galactose metabolism 27 2 4.9404 3.4483 0.24317 1.0 0.27695 
Tryptophan metabolism 41 1 2.5217 3.4483 0.40194 1.0 0.4454 
Nicotinate and nicotinamide 
metabolism 

15 1 1.2695 3.4483 0.55331 1.0 0.59699 

Glycolysis / Gluconeogenesis 26 2 1.0192 3.4483 0.60672 1.0 0.63471 
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Pyruvate metabolism 23 3 1.0188 3.4483 0.61922 1.0 0.63471 
Glycerolipid metabolism 16 1 0.41725 3.4483 0.73452 1.0 0.73452 
 
Table 4: Results from quantitative enrichment analysis of metabolomic profiles of pineal glands 
in day-time and night-time death groups. 
 

10.  Network analysis of significantly impacted metabolic pathways between day-

:me and night-:me deaths 

In addition to identifying the most significantly enriched metabolic pathways, a network analysis 

was conducted to explore the interconnections between these pathways. This analysis provides 

a broader perspective on how individual metabolic shifts influence related biochemical 

processes. The network was constructed using MetaboAnalyst, with nodes representing 

metabolic pathways and edges indicating relationships based on shared metabolites or metabolic 

functions. 

Network analysis demonstrated that pathways such as arginine biosynthesis and nitrogen 

metabolism, phenylalanine, tyrosine, and tryptophan biosynthesis, and the cluster of lipoic acid 

metabolism, citrate cycle, pyruvate metabolism, and glycolysis/gluconeogenesis were 

interconnected in the network, indicating potential relationships in the metabolic landscape 

(Figure 14). Interestingly, while the network analysis revealed several key pathways with 

potential interactions, it is important to note that these pathways were not statistically impacted 

according to the enrichment analysis (Figure 13, Table 4). 

In contrast, pathways that were significantly impacted in the enrichment analysis including bile 

acid biosynthesis, taurine and hypotaurine metabolism, glycerophospholipid metabolism, and 

purine and pyrimidine metabolism, did not display clear interactions with other pathways in the 

network analysis (Figure 14). This lack of network connectivity suggests that these pathways may 

function more independently in the post-mortem context, without strong metabolic linkages to 

other pathways. 
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Figure 14: Network analysis highlighted limited interactions among significantly impacted 
metabolic pathways in Day-time (D) and Night-time (N) Deaths. 
 

11.  Key metabolites driving metabolic pathway differences between day-:me and 

night-:me deaths 

Building upon the results of the enrichment and network analyses, we further examined which 

metabolites were responsible for the observed changes in the significantly altered metabolic 

pathways. This approach allowed us to identify the specific metabolites contributing to the 

differences in metabolomic profiles between day-time (D) and night-time (N) death groups. The 
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results identified several metabolites that exhibited statistically significant differences between 

the two groups (p < 0.05), with a few metabolites showing non -significant changes. 

Notably, metabolites such as phosphocholine (glycerophospholipid metabolism; p < 0.05), 

glutamate (glutathione, glyoxylate and dicarboxylate, porphyrin, arginine, nitrogen, alanine, 

aspartate and glutamate, butanoate, and histidine metabolism; p < 0.01), and glutamine 

(glyoxylate and dicarboxylate, purine, pyrimidine, arginine, nitrogen, and alanine, aspartate and 

glutamate metabolism; p < 0.01) were found to be significantly elevated during the day-time 

compared to night-time deaths (Table 5).  

On contrary, various metabolites were present in significantly higher concentrations during 

night-time deaths, such as choline (glycerophospholipid, and glycerine, serine and threonine 

metabolism; p = 0.0007), ethanolamine (glycerophospholipid metabolism; p = 0.0001), glycine 

(glutathione, glyoxylate and dicarboxylate, porphyrin, primary bile acid biosynthesis, lipoic acid, 

and glycine, serine and threonine metabolism; p = 0.0237), ornithine (glutathione and arginine 

metabolism; p = 0.0017), serine (glyoxylate and dicarboxylate, glycine, serine and threonine, 

cysteine and methionine, D-amino acid, and sphingolipid metabolism; p = 0.0237), xanthine (p = 

0.0009) and inosine (p = 0.0395) (purine metabolism), threonine (glycine, serine and threonine 

metabolism; p = 0.0006), alanine (alanine, aspartate and glutamate, and selenocompound 

metabolism; p = 0.0206), lysine (biotin metabolism; p = 0.0180), histidine (histidine metabolism; 

p = 0.0349), methionine (cysteine and methionine metabolism; p = 0.0308), and valine 

(pantothenate and CoA biosynthesis; p = 0.0206) (Table 5). 

Moreover, aspartate, creatine, N-acetylaspartate, 4-aminobutyrate, succinate, butyrate, 

formate, uridine, uracil, fumarate, taurine, betaine, and asparagine did not exhibit statistically 

significant changes among two groups (Table 5). These findings emphasize the distinct 

metabolomic shifts in the pineal gland based on the time of death, highlighting specific metabolic 

pathways and their associated metabolites as key contributors to circadian-related changes. 

 

Metabolic Pathway Metabolite Elevated p-value 

Glycerophospholipid metabolism 
Phosphocholine D 0.0349 

Glycerophosphocholine D n.s. 
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Choline N 0.0007 

Ethanolamine N 0.0001 

Glutathione metabolism 

Glutamate D 0.007 

Glycine N 0.023 

Ornithine N 0.001 

Glyoxalate and dicarboxylate metabolism Glutamate D 0.007 

Porphyrin metabolism 
Glutamate D 0.007 

Glycine N 0.023 

Purine metabolism 

Glutamate D 0.007 

Hypoxanthine D n.s. 

Xanthine N 0.009 

Inosine N 0.039 

Pyrimidine metabolism 

Glutamine D 0.004 

Uridine N n.s. 

Uracil N n.s. 

Arginine metabolism 

Glutamate D 0.007 

Glutamine D 0.004 

Aspartate D n.s. 

Ornithine N 0.001 

Fumarate N n.s. 

Nitrogen metabolism 
Glutamate D 0.007 

Glutamine D 0.004 

Primary bile acid biosynthesis 
Glycine N 0.023 

Taurine N n.s. 

Lipoic acid metabolism Glycine N 0.023 

Glycerine, serine, and threonine metabolism 

Creatine D n.s. 

Serine N 0.023 

Choline N 0.0007 

Glycine N 0.023 

Threonine N 0.0006 
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Betaine N n.s. 

Alanine, aspartate, and glutamate 
metabolism 

Glutamate D 0.007 

Glutamine D 0.004 

N-acetylaspartate D n.s. 

Aspartate D n.s. 

4-aminobutyrate D n.s. 

Succinate D n.s. 

Alanine N 0.02 

Asparagine N n.s. 

Biotin metabolism Lysine N 0.018 

Butanoate metabolism 

Glutamate D 0.007 

Butyrate D n.s. 

4-aminobutyarate D n.s. 

Succinate D n.s. 

Histidine metabolism 

Glutamate D 0.007 

Aspartate D n.s. 

Histidine N 0.034 

Pantothenate and CoA biosynthesis 

Aspartate D n.s. 

Valine N 0.02 

Uracil N n.s. 

Cysteine and methionine metabolism 
Serine N 0.023 

Methionine N 0.030 

Selenocompound metabolism Alanine N 0.02 

D-amino acid metabolism Serine N 0.023 

Sphingolipid metabolism Serine N 0.023 

Taurine and hypotaurine metabolism Taurine N n.s. 
Table 5: Summary of significantly altered metabolic pathways between day-time (D) and night-
time (N) deaths, listing key metabolites responsible for observed changes, p-values, and 
associated pathways. Statistically significant changes in deaths that occur during day-time and 
night-time (p < 0.05) are highlighted in bold, while "n.s." denotes metabolites with non-significant 
changes. Abbreviations: D, Day-time; N, Night-time. 
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12.  Correla:on between the metabolomic profile of the pineal gland and the post-

mortem interval (PMI) 

Next, to assess the correlation between the metabolomic profile of the pineal gland and the post-

mortem interval (PMI), a supervised analytical approach using an OPLS regression model was 

employed. This analysis was conducted on both binned and profiled datasets derived from ¹H-

NMR metabolomic profiling, with PMI as the independent variable. In addition, we also aimed to 

identify key metabolites that demonstrate time-dependent changes post-mortem, by providing 

a predictive loading plot. 

In the OPLS regression curve derived from the binned dataset, a linear correlation of actual PMI 

with the predictive PMI was observed. The model exhibited strong explanatory power, with a R²Y 

value of 0.69, indicating that 69% of the variance in the dataset is explained by the model, and 

good predictive power of the model, as reflected by the Q²Y value (0.57), indicating higher 

predictability. The model's relative error in cross-validation (RMSEcv) was 36.04 hours, over the 

entire PMI range of 44 to 219 hours (Figure 15A). The predictive loading plot demonstrated that 

metabolites such as lactate, glutamate, trimethylamine, alanine, lysine, succinate, methionine, 

phenylalanine, isoleucine, valine, glutamine, tyrosine, aspartate, acetate, histidine, and 

threonine were increased with increasing PMI (Figure 15B). Conversely, metabolites such as 

choline, myoinositol, glycerol, GABA (4-aminobutyrate), O-phosphocholine, taurine, N-

acetylaspartate, glycine, scylloinositol, and serine were found to decrease with increasing PMI 

(Figure 15B).  

Similarly, the OPLS regression analysis using the profiled dataset also demonstrated a linear 

correlation between actual PMI and predicted PMI. This profiled model provided an R²Y value of 

0.68, suggesting that approximately 68% of the variance in the dataset is captured by the model. 

The Q²Y value (0.51) indicated good predictive accuracy, though the model’s relative error in 

cross-validation (RMSEcv) was slightly higher at 38.59 hours (Figure 15C). The predictive loading 

plot highlighted similar metabolomic shifts with increasing PMI as that of the binned dataset. 

Metabolites such as glutamate, alanine, proline, succinate, trimethylamine, acetate, lactate, 

glycine, histidine, asparagine, leucine, isoleucine, and phenylalanine were positively correlated 

with PMI (Figure 15D). On the other hand, glycerol, choline, serine, taurine, myoinositol, 4-



 
 

65 

aminobutyrate (GABA), O-phosphocholine, and ethanolamine were negatively correlated with 

PMI (Figure 15D). 

 

 
Figure 15: Orthogonal partial least square (OPLS) regression analysis revealed metabolomic 
correlations with post-mortem interval (PMI). (A, C) OPLS regression curve based on PMI of 
individual of respective pineal glands obtained from (A) binned data (Q2Y = 0.57, R2Y= 0.697), and 
(C) profiled data (Q2Y = 0.51, R2Y= 0.681), (B, D) Predictive loading plot of metabolites obtained 
by the OPLS regression model from (B) binned data, and (D) profiled dataset. 
 

To cross-validate the OPLS model and avoid overfitting, a permutation test with 500 

permutations was performed. The test returned values of R² = (0.0, 0.265) and Q² = (0.0, -0.429) 

for binned dataset (Figure 16A) and R² = (0.0, 0.214) and Q² = (0.0, -0.45) for profiled dataset 

(Figure 16B), suggesting no overfitting and validity of the model. 
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Figure 16: Permutation test for orthogonal partial least square (OPLS) model validation. The 
permutation test was performed with 500 permutations to assess the robustness of the OPLS 
model and to avoid overfitting. The R² and Q² intercept values for (A) binned data (R² = 0.0, 0.26 
and Q² = 0.0, -0.42), and (B) profiled data (R² = 0.0, 0.21 and Q² = 0.0, -0.45), indicating that the 
model is valid. 
 

13.  Iden:fying key metabolites correlated with post-mortem interval (PMI): 

Variable importance in projec:on (VIP) scores 

To identify metabolites significantly correlated with PMI, Variable Importance in Projection (VIP) 

scores were calculated from the OPLS model of the profiled spectra. VIP scores reflect each 

metabolite’s relevance within the model, with values above 1 considered to be strongly 

associated with PMI. 

The analysis revealed 11 key metabolites with a strong correlation to PMI (Figure 17). Among 

these, glycerol, glutamate, choline, taurine, alanine, serine, proline, succinate, trimethylamine, 

myoinositol, and 4-aminobutyric acid (GABA) emerged as the most significant contributors (VIP 

> 1). The metabolites glutamate, alanine, proline, succinate, and trimethylamine were increased 

with an increase in PMI, supporting previous findings from the OPLS analysis (Figure 17). 

Conversely, glycerol, choline, taurine, serine, myo-inositol, and GABA were decreased with 

increasing PMI (Figure 17). 
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Figure 17: Variable Importance in Projection (VIP) scores from the OPLS regression model 
identified key metabolites correlated with post-mortem interval (PMI). Metabolites with VIP 
scores greater than 1 are considered to have a significant association with PMI. The table on the 
right lists the VIP scores of each metabolite, highlighting those most strongly correlated with PMI. 
Abbreviation: OPLS, Orthogonal Partial Least Squares. 
 

Following the multivariate analysis, a Pearson’s correlation was conducted to statistically validate 

the correlation of metabolites with the PMI. This analysis complements the findings from the VIP 

scores and OPLS regression model, providing specific statistical significance for individual 

metabolites. Pearson’s correlation identified a few metabolites that were significantly correlated 

with PMI, with a threshold p-value < 0.05 used to determine statistical significance (Figure 18). 

Choline, inosine, taurine, glycerol, and ethylene glycol were inversely correlated with PMI (p < 

0.05) (Figure 18F-J). Moreover, succinate, glutamate, tryptophan, trimethylamine, and uracil 

were found to be significantly increased with PMI (p < 0.05) (Figure 18 A- E). These findings are 
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consistent with the multivariate results, where glycerol, choline, and taurine were found to be 

decreased with increasing PMI, while succinate and glutamate were positively correlated with 

PMI (Figure 17). 

 

 
Figure 18: The linear regression plot showing the correlation between post-mortem interval 
(PMI) and the relative abundance of metabolites. (A-J) Linear regression plots for the 
concentrations of metabolites. The y-axis represents the PMI (hours), and the x-axis shows the 
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relative concentration of specific metabolite. A linear regression model was fitted to the data, 
and Pearson's correlation coefficient (r) was calculated to assess the strength of the relationship. 
The p-value was determined to evaluate the statistical significance of the correlation. Red dots 
represent the concentration of the metabolite in individual pineal gland samples. 
 

14.  Enrichment analysis of pineal gland metabolomics: Iden:fica:on of 

significantly impacted metabolic pathways 

To further investigate the biochemical pathways affected by PMI, a pathway enrichment analysis 

was performed on the ¹H-NMR metabolomic data of the pineal glands. The x-axis represents the 

p-values from the pathway analysis, with lower values indicating higher statistical significance 

(Figure 19). The spot sizes in the graph represent the enrichment ratios, with larger spots 

corresponding to greater enrichment (ranging from 2 to 6) (Figure 19). 

The enrichment overview graph demonstrated that the top 16 metabolic pathways were 

significantly enriched in relation to PMI, all with an enrichment score greater than 2, indicating a 

notable impact of these pathways as PMI increases (Figure 19, Table 6). Among the most affected 

pathways were butanoate metabolism, histidine metabolism, porphyrin metabolism, glutathione 

metabolism, nitrogen metabolism, propanoate metabolism, citrate cycle (TCA cycle), tryptophan 

metabolism, glyoxylate and dicarboxylate metabolism, arginine biosynthesis, alanine, aspartate 

and glutamate metabolism, taurine and hypotaurine metabolism, glycerolipid metabolism, 

arginine and proline metabolism, glycerophospholipid metabolism and galactose metabolism 

(Figure 19). These pathways showed significant perturbations based on the changes in specific 

metabolites, as indicated by both the p-values and the enrichment ratios. 
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Figure 19. Enrichment analysis of pineal gland metabolomics identified significantly impacted 
pathways correlated with post-mortem interval (PMI). Each dot represents a pathway, with the 
x-axis indicating p-values (reflecting statistical significance). Larger dot sizes correspond to higher 
enrichment ratios and dark red color corresponds to lower p-value, indicating a greater impact 
of that pathway in the data set. 
 
 

Total 
Cmpd 

Hits Statistic 
Q 

Expected 
Q 

Raw p Holm p FDR 

Butanoate metabolism 15 4 21.7 3.4483 0.00034314 0.014069 0.014069 

Histidine metabolism 16 3 19.424 3.4483 0.0014192 0.056769 0.029094 

Porphyrin metabolism 31 2 18.568 3.4483 0.0023746 0.092608 0.032452 

Glutathione metabolism 28 3 15.695 3.4483 0.0045318 0.17221 0.039703 

Nitrogen metabolism 6 2 18.966 3.4483 0.0048418 0.17915 0.039703 

Propanoate metabolism 21 1 23.079 3.4483 0.0072107 0.25959 0.044598 

Citrate cycle (TCA cycle) 20 3 18.819 3.4483 0.0084217 0.29476 0.044598 
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Tryptophan metabolism 41 1 21.859 3.4483 0.0091832 0.31223 0.044598 

Glyoxylate and 
dicarboxylate metabolism 

31 7 10.537 3.4483 0.0097898 0.32306 0.044598 

Arginine biosynthesis 14 5 12.568 3.4483 0.012702 0.40646 0.052078 

Alanine, aspartate and 
glutamate metabolism 

28 10 11.341 3.4483 0.017232 0.5342 0.064229 

Taurine and hypotaurine 
metabolism 

8 1 17.515 3.4483 0.021354 0.64063 0.07296 

Glycerolipid metabolism 16 1 16.672 3.4483 0.025087 0.72752 0.079121 

Arginine and proline 
metabolism 

36 6 10.777 3.4483 0.032013 0.89637 0.093708 

Glycerophospholipid 
metabolism 

36 4 10.114 3.4483 0.034283 0.92565 0.093708 

Galactose metabolism 27 2 10.109 3.4483 0.049381 1 0.12654 

Primary bile acid 
biosynthesis 

46 2 9.1975 3.4483 0.067548 1 0.16291 

D-Amino acid metabolism 15 1 9.3431 3.4483 0.10046 1 0.21678 

Sphingolipid metabolism 32 1 9.3431 3.4483 0.10046 1 0.21678 

Cysteine and methionine 
metabolism 

33 3 6.9045 3.4483 0.14049 1 0.288 

beta-Alanine metabolism 21 3 5.4836 3.4483 0.1981 1 0.38241 

Glycine, serine and 
threonine metabolism 

33 7 5.0975 3.4483 0.2052 1 0.38241 

Selenocompound 
metabolism 

20 1 5.1079 3.4483 0.22979 1 0.39236 

Pyruvate metabolism 23 3 4.8794 3.4483 0.23763 1 0.39236 

Glycolysis / 
Gluconeogenesis 

26 2 4.8106 3.4483 0.24271 1 0.39236 

Ascorbate and aldarate 
metabolism 

9 1 4.5378 3.4483 0.25838 1 0.39236 

Inositol phosphate 
metabolism 

30 1 4.5378 3.4483 0.25838 1 0.39236 

Ether lipid metabolism 20 1 3.1964 3.4483 0.34451 1 0.50446 

Phenylalanine metabolism 8 2 2.844 3.4483 0.3813 1 0.5211 
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Phenylalanine, tyrosine 
and tryptophan 
biosynthesis 

4 2 2.844 3.4483 0.3813 1 0.5211 

Tyrosine metabolism 42 3 2.2301 3.4483 0.46614 1 0.56626 

Valine, leucine and 
isoleucine degradation 

39 3 1.9783 3.4483 0.46839 1 0.56626 

Ubiquinone and other 
terpenoid-quinone 
biosynthesis 

18 1 1.7873 3.4483 0.48124 1 0.56626 

Pyrimidine metabolism 39 3 1.8884 3.4483 0.49733 1 0.56626 

Lipoic acid metabolism 28 2 1.5333 3.4483 0.52393 1 0.56626 

Lysine degradation 30 1 1.4065 3.4483 0.53251 1 0.56626 

Biotin metabolism 10 1 1.4065 3.4483 0.53251 1 0.56626 

Nicotinate and 
nicotinamide metabolism 

15 1 1.3844 3.4483 0.53576 1 0.56626 

Valine, leucine and 
isoleucine biosynthesis 

8 4 1.717 3.4483 0.53864 1 0.56626 

Pantothenate and CoA 
biosynthesis 

20 3 2.1416 3.4483 0.55352 1 0.56736 

Purine metabolism 70 4 1.3328 3.4483 0.64583 1 0.64583 
Table 6. Results from quantitative enrichment analysis of pineal glands from individuals with 
varied PMI. 
 

15.  Key metabolites driving metabolic pathway altera:ons correlated with Post-

Mortem Interval (PMI) 

Building on the findings from the enrichment analysis, we further investigated specific 

metabolites that were significantly correlated with PMI. This allowed us to identify the 

biochemical changes responsible for the observed pathway perturbations over increasing PMI.  

The results highlighted several metabolites that exhibited significant correlations with PMI (p < 

0.05), as well as a few metabolites that showed non-significant trends (Table 7). 

Among the metabolites that significantly increased with PMI were glutamate (butanoate 

metabolism, glutathione metabolism, nitrogen metabolism, and alanine, aspartate, and 



 
 

73 

glutamate metabolism; p = 0.001), succinate (butanoate, propanoate, TCA cycle, alanine, 

aspartate, and glutamate metabolism; p = 0.007), tryptophan (tryptophan metabolism; p = 0.009) 

(Table 7). Conversely, metabolites such as taurine (taurine and hypotaurine metabolism; p = 

0.021), glycerol (glycerolipid and galactose metabolism; p = 0.025), and choline 

(glycerophospholipid metabolism; p = 0.013) showed significant decreases with increasing PMI 

(Table 7). Other metabolites, such as 4-aminobutyrate, butyrate, histidine, aspartate, glycine, 

glutamine, fumarate, serine, and acetate exhibited non-significant changes (p > 0.05), suggesting 

that these metabolites may be less sensitive to PMI-related biochemical shifts (Table 7). 

 

Metabolic Pathway Metabolite Correlation 
with PMI 

p-value 

Butanoate metabolism 

Glutamate Increased 0.001 

Succinate Increased 0.007 

4-aminobutyrate Decreased n.s. 

Butyrate Decreased n.s. 

Histidine metabolism 

Glutamate Increased 0.001 

Histidine Increased n.s. 

Aspartate Increased n.s. 

Porphyrin metabolism 
Glutamate Increased 0.001 

Glycine Increased n.s. 

Glutathione metabolism 
Glutamate Increased 0.001 

Glycine Increased n.s. 

Nitrogen metabolism 
Glutamate Increased 0.001 

Glutamine Increased n.s. 

Propanoate metabolism Succinate Increased 0.007 

Citrate cycle (TCA cycle) 
Succinate Increased 0.007 

Fumarate Decreased n.s. 

Tryptophan metabolism Tryptophan Increased 0.009 

Glyoxylate and dicarboxylate metabolism 
Glutamate Increased 0.001 

Glutamine Increased n.s. 
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Formate Decreased n.s. 

Serine Decreased n.s. 

Arginine biosynthesis 

Glutamate Increased 0.001 

Acetate Increased n.s. 

Glycine Increased n.s. 

Glutamine Increased n.s. 

Aspartate Increased n.s. 

Fumarate Decreased n.s. 

Alanine, aspartate and glutamate 
metabolism 

Glutamate Increased 0.001 

Succinate Increased 0.007 

Asparagine Increased n.s. 

Alanine Increased n.s. 

Aspartate Increased n.s. 

4-aminobutyrate Decreased n.s. 

N-acetylaspartate Decreased n.s. 

Fumarate Decreased n.s. 

Taurine and hypotaurine metabolism Taurine Decreased 0.021 

Glycerolipid metabolism Glycerol Decreased 0.025 

Arginine and proline metabolism 

Glutamate Increased 0.001 

Proline Increased n.s. 

4-aminobutyarate Decreased n.s. 

Glycerophospholipid metabolism 

Choline Decreased 0.013 

Ethanolamine Decreased n.s. 

Phosphocholine Decreased n.s. 

Galactose metabolism 
Glycerol Decreased 0.025 

Myoinositol Decreased n.s. 
Table 7. Metabolic pathways and key metabolites correlated with post-mortem interval (PMI). 
Statistically significant changes in the correlation of metabolites with PMI (p < 0.05) are 
highlighted in bold, while "n.s." denotes metabolites with non-significant changes. 
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DISCUSSION 
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The present work represents the first comprehensive metabolomic analysis of human post-

mortem pineal glands, identifying 44 metabolites using ¹H-NMR (proton nuclear magnetic 

resonance) spectroscopy. To date, to our knowledge, no prior studies have explored the 

metabolomic profiling of human pineal glands or attempted to correlate its metabolic profile 

with key external factors such as post-mortem interval (PMI) and season at the time of death, or 

baseline individual characteristics (e.g., age, gender). The findings of this preliminary study 

demonstrate the potential forensic utility of pineal gland metabolomics for distinguishing deaths 

occurring during the day-time versus night-time, as well as for estimating PMI, a critical yet 

unresolved issue in forensic science. By leveraging the pineal gland's metabolic profile, we 

constructed a regression model for PMI estimation that provides a reliable time frame for the 

interval since death. Previous human proteomic studies (Dumas et al., 2021) have indicated that 

the pineal gland retains a certain degree of metabolic activity after death, reflecting its role in 

circadian rhythm regulation. Given the unique biochemical and anatomical features of the pineal 

gland, we also explored its potential to classify deaths based on time of day (day-time versus 

night-time), offering an indirect but valuable forensic tool. In forensic investigations, narrowing 

down the time of death to a specific window (such as ruling out night-time or day-time death) 

can be crucial in court proceedings where decisions must meet the standard of “beyond a 

reasonable doubt”. Additionally, we hypothesized that different anatomical regions of the pineal 

gland might contribute variably to its overall metabolomic profile. To test this, we analyzed two 

sagittal sections of each gland, despite differences in their weights. Interestingly, the results 

showed negligible intraindividual variability, suggesting that the metabolic composition remains 

consistent across different sections of the pineal gland. This further supports the gland's 

reliability as a forensic matrix for both PMI estimation and time-of-death classification. 

 

Influence of interindividual and external factors on pineal gland metabolomics 

Understanding the influence of interindividual and external factors on the metabolomic profile 

of the pineal gland is essential for accurate metabolomic-based forensic analysis. In this study, 

we explored how age, gender, weight of the pineal gland, and season at the time of death affect 

the pineal gland’s metabolome. Results from principal component analysis (PCA) and orthogonal 
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partial least square-determinant analysis (OPLS-DA) demonstrated that these factors exert 

relatively minor influence on the overall metabolic profile. To that, age was not a major 

determinant of metabolic variation in the pineal gland. The binned and profiled datasets 

displayed minimal separation between age groups, and OPLS regression models exhibited weak 

and moderate predictive power, respectively, suggesting that age-related metabolic changes 

may exist in specific metabolites and warrant further investigation with larger cohorts (Figure 6). 

Interestingly, while there is limited literature specifically evaluating age-related metabolomic 

shifts in the pineal gland, one study reported age-associated structural changes, such as the 

replacement of normal secretory parenchyma with glial tissues, connective tissues, calcifications, 

and glial cysts (Gheban et al., 2021). However, these structural alterations may not significantly 

influence the gland’s metabolic profile, at least in the post-mortem context (Gheban et al., 2021). 

 

Similarly, gender did not significantly affect the metabolomic profile of the pineal gland, as 

evidenced by the minimal separation between male and female samples in both PCA and OPLS-

DA analyses (Figure 5). While sex-dependent variations in melatonin production and circadian 

rhythms are well-documented during life (Duffy et al., 2011), these differences were not reflected 

in post-mortem metabolic profiles in our dataset. Our findings align with previous work from our 

group, which found no significant gender-based differences in the metabolomic profile of 

pericardial fluid used for PMI estimation (Chighine et al., 2023). This suggests that certain post-

mortem matrices, such as the pineal gland and pericardial fluid, may exhibit metabolic stability 

across genders, likely driven by the universal biochemical processes of autolysis dominating after 

death. It is noteworthy, however, that over 30 studies using biofluids such as serum, plasma, and 

urine have reported gender-specific metabolic changes, with higher levels of creatine in females 

and creatinine in males (Costanzo et al., 2022). 

 

The weight of the pineal gland also showed limited impact on its metabolic profile, indicating that 

the metabolic shifts are not influenced by gland size (Figure 4). As the pineal gland is central to 

melatonin synthesis and the regulation of circadian rhythms, its function is known to be 

influenced by seasonal variations. For instance, studies have shown increased levels of AANAT, 
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the rate-limiting enzyme in melatonin synthesis, and elevated melatonin levels in the pineal gland 

of hamsters during the winter solstice compared to the summer solstice (Xu et al., 2018). Given 

this, we initially hypothesized that metabolomic profiles of post-mortem pineal glands might be 

influenced by the season of death (e.g. summer versus winter). However, our results showed no 

significant seasonal impact. PCA and OPLS-DA (Figure 7) analyses indicated low separation 

between samples collected during summer and winter. This suggests that while melatonin 

production varies seasonally in vivo, post-mortem metabolic processes are primarily driven by 

autolysis and environmental exposure rather than residual circadian or seasonal signaling. 

 

In summary, our analysis revealed that interindividual factors such as gender and pineal gland 

weight exert no substantial influence on the metabolomic profile of the post-mortem pineal 

gland. However, age and season at the time of death showed minor to moderate trends that 

merit further investigation with large cohorts. These findings highlight the metabolic stability of 

the pineal gland and its potential as a reliable matrix for PMI estimation. Its deep intracranial 

location protects it from external environmental influences, and its consistent metabolomic 

profile across various conditions strengthens its utility in forensic applications. The limited 

influence of confounding variables suggests that the observed metabolic shifts in the pineal gland 

are primarily driven by intrinsic, time-dependent post-mortem processes, positioning it as an 

optimal candidate for further forensic investigations aimed at enhancing the accuracy of PMI 

estimation. 

 

Metabolic differences between day-time and night-time deaths 

Circadian rhythm, an intrinsic biological process following a ~24-hour cycle, regulates numerous 

physiological functions, including metabolism (Marcheva et al., 2013). The pineal gland, central 

to melatonin synthesis and secretion, is critical in maintaining these daily rhythms (Bueno et al., 

2023). Melatonin production peaks at night and diminishes during the day, influencing various 

metabolic pathways (Zisapel, 2018). Therefore, we hypothesized that post-mortem metabolomic 

profiles of the gland would reflect distinct differences based on the time of death (day-time vs. 

night-time). To investigate these potential metabolic variations, we employed binned and 
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profiled ¹H-NMR datasets and applied unsupervised and supervised multivariate analysis to 

classify samples between day-time and night-time deaths. 

 

Our findings revealed a clear separation in the metabolomic profile of the pineal gland between 

day-time and night-time deaths in both binned and profiled datasets, as evidenced by PCA and 

OPLS-DA plots (Figure 8). This suggests that the metabolic composition of the pineal gland is 

influenced by the time of death. However, two samples from the night-time group (samples 13 

and 15) clustered with the day-time group. Further investigation revealed that these cases had 

unusual circumstances that might have influenced their metabolomic profiles. For sample 13, 

circumstances involved a violent struggle during a night-time assault around 05:00 AM, a time 

when melatonin levels are typically high, but the physical exertion and stress of the situation may 

have disrupted the individual’s metabolic state. Similarly, sample 15 was obtained from an 

individual hospitalized in an ICU with continuous artificial lighting, which likely disrupted 

circadian signaling and altered melatonin production, leading to a metabolic profile resembling 

day-time death. These cases highlight the potential for external factors, such as environmental 

lighting and physical activity, to modulate the metabolomic signature of the pineal gland, even 

in a post-mortem context. To further investigate whether these metabolomic changes were 

influenced by light exposure or the individual’s wake/sleep state, we re-classified samples 13 and 

15 as day-time cases and recalculated the model (Figure 9). This reclassification resulted in an 

improved model fit, providing additional support for the hypothesis that light exposure rather 

than the time of death itself predominantly drives these post-mortem metabolomic changes 

(Figure 9). 

 

Metabolic distinctions between day-time and night-time deaths: Variable 

Importance in Projection (VIP) score and enrichment analysis 

The metabolic differences between day-time and night-time deaths were further supported by 

Variable Importance in Projection (VIP) score and enrichment analysis, identifying key 

metabolites and pathways significantly impacted by the time of death. The VIP scores highlighted 

key metabolites such as choline, ethanolamine, xanthine, threonine, ornithine, lysine, valine, 
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methionine, glycine, isoleucine, betaine, histidine, tyrosine, formate, serine, alanine, and taurine, 

which were significantly elevated during night-time deaths (Figure 11). In contrast, lactate, 

glutamine, glutamate, and hypoxanthine were more abundant in day-time deaths (Figure 11). 

Univariate statistical analysis further validated these findings (Figure 12). 

 

Choline and ethanolamine, precursors of phosphatidylcholine (PC) and 

phosphatidylethanolamine (PE), respectively, were elevated during the night-time deaths (Figure 

12A, B). These phospholipids are major components of cell membranes and are essential for 

maintaining structural integrity (Sundler & Akesson, 1975; van der Veen et al., 2017). The 

nocturnal increase in choline and ethanolamine may reflect heightened cellular turnover and 

repair processes linked to melatonin synthesis. Furthermore, choline contributes to acetylcholine 

synthesis, a neurotransmitter modulating the REM (rapid eye movement) sleep (Vazquez & 

Baghdoyan, 2001). Acetylcholine levels peak during REM sleep, which is prevalent during the later 

parts of the night (Kametani & Kawamura, 1991; Marrosu et al., 1995; Vazquez & Baghdoyan, 

2001). This heightened demand for acetylcholine synthesis may also drive increased choline 

availability during the night. Ornithine, a metabolite of L-arginine and a key intermediate in the 

urea cycle was significantly elevated during night-time deaths (Figure 12E). Beyond its role in 

nitrogen metabolism, ornithine has been linked to circadian rhythm regulation and improved 

sleep quality. Clinical and pre-clinical studies have shown that L-ornithine supplementation 

enhances melatonin secretion and improves sleep in a time-dependent manner, when 

administered at night (Matsuo et al., 2015; Miyake et al., 2014). Thus, elevated levels of ornithine 

observed in night-time deaths may reflect the pineal gland’s night-time metabolic activity, 

including its contribution to melatonin synthesis and polyamine production in the pineal gland. 

 

Several amino acids such as threonine, lysine, alanine, glycine, serine, and histidine were also 

elevated during night-time deaths (Figure 12D, F, H, I, J & L). These amino acids can enter the 

TCA cycle, providing substrates to sustain ATP production to meet the higher energy demands at 

night for melatonin synthesis (Harrison et al., 2019; Sherry et al., 2015; Yoshimi et al., 2016). 

Previous study demonstrated higher mitochondrial respiratory chain enzyme activity during 
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night-time in the rat pineal gland, promoting oxidative phosphorylation and ATP production to 

support nocturnal activities (Møller et al., 2007). Complementary proteomic studies identified 

higher levels of glycolytic enzymes in the pineal gland during the day-time, suggesting that 

glycolysis plays a more prominent role during the day (Dumas et al., 2021).  These findings 

suggest a metabolic shift toward mitochondrial energy production at night and glycolysis during 

the day, aligning with the gland’s circadian rhythm-driven energy demands. Methionine, an 

essential sulfur-containing amino acid involved in the methylation processes, was significantly 

elevated during night-time deaths (Figure 12K). Methionine’s active form, S-adenosylmethionine 

(SAM), follows a diurnal rhythm (Guchhait & Monjan, 1981), and contributes to methylation 

reactions required for melatonin synthesis through dose-dependent O-methylation of 

hydroxyindoles in the pineal gland (Bondarenko, 2004). The elevated methionine levels observed 

during the night underscore its critical role in melatonin production and circadian rhythm 

modulation. Isoleucine, a branched-chain amino acid (BCAA), serves as both an energy substrate 

and a regulator of protein synthesis, further supporting the gland’s nocturnal energy demands 

and cellular maintenance. (Figure 12M). The purine metabolites xanthine and inosine were also 

elevated in night-time deaths (Figure 12C, N). Xanthine is a key intermediate in purine 

degradation, and its nocturnal increase may reflect the pineal gland’s metabolic adaptations to 

higher energy demands for melatonin synthesis. Similarly, inosine is a precursor for ATP and GTP 

synthesis, providing substrates for the increased energy requirements at night. These findings 

suggest that purine metabolism may be more active during nocturnal periods to support the 

gland’s circadian rhythm-driven functions. 

 

Conversely, increased levels of lactate during day-time deaths (Figure 12Q), align with earlier 

findings in pineal glands of rats exposed to continuous light, compared to those kept under 

alternating light and dark conditions (Nir et al., 1970). Lactate, a key product of anaerobic 

glycolysis, indicates a shift towards glycolytic energy production during the day (X. Li et al., 2022). 

This shift may occur in response to reduced metabolic demands or the need for rapid energy 

through anaerobic means (Dumas et al., 2021). Additionally, higher lactate levels during the day 

could result from reduced oxidative phosphorylation, as seen in continuous light exposure where 
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disrupted circadian rhythms altered cellular metabolism (Nir et al., 1970). By contrast, night-time 

metabolism favors oxidative phosphorylation, reducing reliance on glycolysis and leading to 

lower lactate at night. This is supported by the nocturnal upregulation of mitochondrial enzymes 

and ATP production to meet melatonin biosynthesis demand (Møller & Høyer, 1979). Thus, the 

elevated day-time lactate in our study may reflect a metabolic shift away from oxidative 

processes and toward glycolytic energy production, aligning with the gland's circadian 

modulation of energy metabolism. 

 

Glutamine, another metabolite elevated during day-time deaths (Figure 12S), plays a critical role 

in neurotransmitter synthesis and cellular nitrogen balance (Kurmi & Haigis, 2020). Moreover, as 

a precursor of glutamate (D. Zhang et al., 2024) and GABA (Hertz, 2013), glutamine supports 

neuronal activity and metabolic demands. Additionally, glutamine contributes to nucleotide 

biosynthesis (Kurmi & Haigis, 2020) and glutathione production, providing antioxidant defense 

(Dringen et al., 1999, 2000; Yu et al., 1999). While the pineal gland is relatively protected from 

oxidative stress during the night due to the antioxidant properties of melatonin (Arendt & 

Aulinas, 2022), day-time glutamine may contribute to sustaining basal antioxidant defences. 

Further, higher levels of glutamate, synthesized from glutamine, were observed during day-time 

deaths (Figure 12R). Glutamate interacts with glutamate receptors on astrocytes in the pineal 

gland, triggering intracellular calcium signaling and NF-kB activation. This, in turn, promotes the 

release of pro-inflammatory cytokine, TNF-α, inhibiting melatonin synthesis directly or through 

its interaction with glutamate in pinealocytes (Villela et al., 2013). These mechanisms suggest 

that elevated glutamate levels during the day reflect the suppression of melatonin production 

(Kus et al., 1994), consistent with the diurnal regulation of melatonin synthesis, which peaks at 

night and diminishes during daylight hours. 

 

We also observed increased levels of sn-glycero-3-phosphocholine (GPC) and O-phosphocholine 

during day-time deaths (Figure 12T, U). These intermediates are precursors to PC biosynthesis 

(McMaster, 2018), a major lipid component of cell membranes. Thus, the elevation of these 

intermediates during day-time deaths over night-time suggests that circadian rhythms might 
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influence lipid metabolism within the pineal gland. Outside the pineal gland context, studies have 

shown how circadian rhythms influence lipid metabolism. For example, Chua and colleagues 

demonstrated circadian variation in 35 lipid species in plasma, including triglycerides, 

diglycerides, and PCs, which were significantly elevated during the early day-time in healthy 

human males (Chua et al., 2013). These findings suggest a link between circadian rhythms and 

lipid metabolism in various tissues, though regulatory mechanisms may differ by organ type. 

While no studies have investigated the circadian regulation of lipid metabolism in the pineal 

gland, it is plausible that similar processes are at play, particularly given the gland's critical role 

in circadian rhythm modulation. 

 

Our enrichment analysis revealed significant alterations in metabolic pathways based on the time 

of death, notably including glycerophospholipid metabolism, glutathione metabolism, glyoxylate 

and dicarboxylate metabolism, glycine, serine, and threonine metabolism, arginine biosynthesis, 

porphyrin metabolism, purine metabolism, nitrogen metabolism, pyrimidine metabolism, 

primary bile acid biosynthesis, lipoic acid metabolism, lysine degradation, biotin metabolism, 

alanine, aspartate and glutamate metabolism, histidine metabolism, cysteine and methionine 

metabolism, butanoate metabolism, valine, leucine and isoleucine biosynthesis, pantothenate 

and CoA biosynthesis, arginine and proline metabolism, selenocompound metabolism, D-Amino 

acid metabolism, sphingolipid metabolism, and taurine and hypotaurine metabolism (Figure 13). 

Key metabolites driving these pathways were choline (glycerophospholipid, and glycerine, serine 

and threonine metabolism), ethanolamine (glycerophospholipid metabolism), glycine 

(glutathione, glyoxylate and dicarboxylate, porphyrin, primary bile acid biosynthesis, lipoic acid, 

and glycine, serine and threonine metabolism), ornithine (glutathione and arginine metabolism), 

serine (glyoxylate and dicarboxylate, glycine, serine and threonine, cysteine and methionine, D-

amino acid, and sphingolipid metabolism), xanthine and inosine (purine metabolism), threonine 

(glycine, serine and threonine metabolism), alanine (alanine, aspartate and glutamate, and 

selenocompound metabolism), lysine (biotin metabolism), histidine (histidine metabolism), 

methionine (cysteine and methionine metabolism), and valine (pantothenate and CoA 

biosynthesis) (Table 5). These findings align closely with results from our univariate analysis, 
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where the same metabolites were found to be altered. This not only validates our findings but 

also underscores the importance of these metabolites as markers for metabolic shifts in the 

pineal gland related to the time of death.  

 

Correlation between the metabolomic profile of the pineal gland and the post-

mortem interval (PMI) 

Next, we investigated the relationship between the metabolomic profile of the pineal gland and 

the PMI. The multivariate regression model developed for PMI estimation in this study displayed 

a relative error of approximately 36 hours across a 9-day post-mortem period (Figure 16), which 

cannot be explored with biological fluids such as vitreous humor and blood. Typically, these 

matrices become compromised due to putrefaction, the decomposition of the body by microbial 

action, as the post-mortem period extends, thus making PMI estimation increasingly difficult 

(Chighine et al., 2023; Duffy et al., 2011; Locci et al., 2021, 2023). However, our results suggest 

that the pineal gland metabolome remains resilient to these processes, offering a more robust 

alternative for PMI estimation even after prolonged periods of decomposition. 

 

Further, studies with other matrices, such as the ocular fluids, pericardial fluid, and brain tissue, 

have also shown promise for PMI estimation with varying degrees of accuracy. Previous studies 

from our group employed ovine aqueous humor (AH) to estimate PMI, achieving prediction 

errors ranging from 59 minutes for PMIs < 500 minutes to 118 minutes for PMIs > 1000 minutes 

(Locci et. al., 2019). A follow-up study using ovine vitreous humor samples within a PMI window 

of 6 to 86 hours provided a prediction error of 8.5 hours over the entire range. While promising, 

these studies were conducted on an animal model under highly controlled conditions (Locci et 

al., 2023). Additionally, the ovine vitreous humor (VH) samples were derived from isolated sheep 

heads, which could lead to exogenous bacterial interference with the metabolome, despite the 

model appearing robust and reliable (Locci et al., 2023). The use of human samples for PMI 

estimation has been explored as well. Zelentsova et al. (2020) performed quantitative 

metabolomic profiling of serum, AH, and VH using ¹H-NMR spectroscopy (Zelentsova et al., 2020). 

This study showed that metabolomic changes in ocular fluids (AH and VH) occurred more 
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gradually than in blood, with a PMI window extending up to 58 hours (Zelentsova et al., 2020). 

These findings suggest that ocular fluids, like the VH, could serve as a more reliable matrix for 

PMI estimation compared to blood, which undergoes more rapid biochemical shifts post-

mortem. Another study by Boroumand et al. (2023) employed HPLC-MS analysis of peptide 

fragments in VH to estimate PMI, identifying key biomarkers like thymosin β4 and vimentin 

fragments that correlated strongly with PMI. However, the model’s applicability was limited to 

earlier post-mortem stages due to negligible concentrations of these markers in the hours 

immediately following death (Boroumand et al., 2023). 

 

In contrast, the pineal gland’s metabolic resilience allows for longer PMIs, as demonstrated in 

our study, where metabolic signatures remained detectable for up to 9 days. Our findings align 

with previous work by our group on human pericardial fluid, which showed similar potential for 

PMI estimation. Chighine et al. (2023) employed ¹H-NMR metabolomic analysis to monitor post-

mortem changes in pericardial fluid, producing a model with a prediction error of 33-34 hours 

across a PMI range of 16-170 hours (Chighine et al., 2023). Other studies, by Singh et al. (2006), 

also support the utility of pericardial fluid for PMI estimation by correlating potassium and other 

electrolytes with the time since death (Singh et al., 2006). However, despite the success of 

pericardial fluid, it remains vulnerable to microbial degradation, especially in longer post-mortem 

periods. Another study by Prieto-Bonete et al. (2019) analyzed long-term PMI 

estimation using bone proteomics, identifying 32 key proteins that could be used to distinguish 

between cadavers with PMIs ranging from 5 to 20 years (Prieto-Bonete et al., 2019). While bone 

proteomics provides insight into long-term post-mortem changes, our findings suggest that the 

pineal gland could serve a complementary role, particularly in the early to mid-stage post-

mortem period (up to 9 days), where current forensic techniques often fail to provide reliable 

PMI estimates. Overall, our results demonstrate that the pineal gland offers a 

significant temporal window for accurate PMI estimation, with an extended period of metabolic 

activity detectable up to 9 days post-mortem. This resilience positions the pineal gland as a 

promising matrix for forensic casework, especially in cases where traditional methods fail due to 

putrefaction or environmental degradation. Future studies focusing on larger sample sizes and 
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the application of high-resolution metabolomic techniques could further enhance the precision 

of pineal gland-based PMI estimation. 

 

Specific metabolites and biochemical pathways influenced by post-mortem 

interval (PMI): Insights from VIP score and enrichment analysis 

The distinct metabolic differences based on PMI were evaluated by Variable Importance in 

Projection (VIP) score and enrichment analysis. VIP score identified key metabolites such as 

glutamate, alanine, proline, succinate, and trimethylamine, which exhibited a positive correlation 

with PMI (Figure 17). Conversely, metabolites, such as glycerol, choline, taurine, serine, myo-

inositol, and GABA were negatively correlated with PMI (Figure 17). These results were further 

validated by univariate linear regression analysis using Pearson’s correlation, which confirmed 

significant positive correlations for glutamate, succinate, tryptophan, trimethylamine, and uracil 

with PMI, and significant negative correlations for choline, inosine, taurine, glycerol, and 

ethylene glycol with PMI (Figure 18). 

 

Among the metabolites positively correlated with PMI, glutamate stood out due to its central 

role in various metabolic pathways, including butanoate, arginine, proline, and glutathione 

metabolism (Yelamanchi et al., 2016). Its increase with PMI (Figure 18A) likely reflects the the 

breakdown of amino acids and the cessation of cellular respiration, as glutamate is involved in 

nitrogen transfer and energy production (Cooper & Jeitner, 2016). Similarly, succinate, a key 

intermediate in the TCA cycle, butanoate, propionate, alanine, aspartate, and glutamate 

metabolism, exhibited a significant positive correlation with PMI (Figure 18B). The accumulation 

of succinate is a well-known indicator of anaerobic metabolism (Li et al., 2017).  Tryptophan, 

another metabolite positively correlated with PMI (Figure 18C), plays a key role in serotonin and 

melatonin synthesis (Höglund et al., 2019). This is in accordance with prior studies, where higher 

levels of tryptophan were significantly correlated with prolonged PMI (Grünblatt et al., 2009, 

2010).  
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In contrast, metabolites such as choline and glycerol, which are essential components of cell 

membrane lipids, particularly phospholipids and triglycerides, demonstrated significant negative 

correlations with PMI (Figure 18F and I). These findings deviate from prior studies that reported 

increased levels of choline and glycerol with PMI in other matrices, such as serum, AH, and VH of 

rabbits (Zelentsova et al., 2016) and humans (Zelentsova et al., 2020), as well as in rat blood (Fang 

et al., 2024; Z. Wu et al., 2018).  This increase in other matrices is typically attributed to the 

enzymatic breakdown of lipids from cellular structures, as lipolysis accelerates under post-

mortem conditions (Caballero-Moreno et al., 2024). The pineal gland, however, is anatomically 

distinct in its post-mortem behavior due to its deep positioning within the brain. This isolation 

may shield it from immediate bacterial invasion and environmental influences, at least during the 

initial stages post-mortem. A similar trend was observed for taurine (Figure 18H), which also 

showed a negative correlation with PMI in our dataset. While taurine levels have been reported 

to increase with PMI in matrices such as human VH (Girela et al., 2008) and femoral blood (Steuer 

et al., 2024), our findings suggest a decrease in the pineal gland. This discrepancy likely reflects 

the pineal gland's specific post-mortem metabolic trajectory, influenced by its protected 

anatomical position and specific biochemical composition. Together, these findings underscore 

the pineal gland’s potential to offer insights into PMI, distinct from other matrices, making it a 

valuable forensic tool. 

 

To gain deeper insights into the biochemical pathways influenced by PMI, pathway enrichment 

analysis was performed on the ¹H-NMR metabolomic data. This analysis revealed 16 key 

metabolic pathways significantly affected by PMI (Figure 19, Table 6). Among the most affected 

pathways were butanoate metabolism, histidine metabolism, porphyrin metabolism, glutathione 

metabolism, nitrogen metabolism, propanoate metabolism, citrate cycle (TCA cycle), tryptophan 

metabolism, glyoxylate and dicarboxylate metabolism, arginine biosynthesis, alanine, aspartate 

and glutamate metabolism, taurine and hypotaurine metabolism, glycerolipid metabolism, 

arginine and proline metabolism, glycerophospholipid metabolism, and galactose metabolism. 

These pathways play critical roles in energy production, amino acid metabolism, and oxidative 

stress regulation (Brosnan & Brosnan, 2020; G. Wu et al., 2004; L. Zhang et al., 2021). The 
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perturbation of these pathways highlights the complex biochemical shifts that occur as cellular 

functions cease. Key metabolites driving these pathways include glutamate (butanoate 

metabolism, glutathione metabolism, nitrogen metabolism, and alanine, aspartate, and 

glutamate metabolism), succinate (butanoate, propanoate, TCA cycle, alanine, aspartate, and 

glutamate metabolism), tryptophan (tryptophan metabolism). Conversely, metabolites such as 

taurine (taurine and hypotaurine metabolism), glycerol (glycerolipid and galactose metabolism), 

and choline (glycerophospholipid metabolism) showed significant decreases with increasing PMI 

(Table 7). These findings suggest that the pineal gland’s metabolomic profile not only provides 

valuable insights into the biochemical changes occurring after death but also serves as a reliable 

matrix for PMI estimation. The observed correlations between specific metabolites and PMI 

could potentially aid in the development of more accurate forensic tools for time-of-death 

estimation, especially in cases where traditional methods are limited due to environmental 

factors or advanced decomposition.  

 

In conclusion, the present work demonstrates the pineal gland’s metabolomic profile as a 

promising forensic tool, offering insights into circadian-linked metabolic distinctions and its 

potential applications in PMI estimation. The findings revealed clear metabolic differences in the 

pineal gland based on whether death occurred during day-time or night-time, likely reflecting the 

gland’s role in regulating circadian rhythms. These results suggest that the pineal gland’s 

metabolomic profile could serve as a unique marker for determining the time window of death, 

offering an additional forensic tool for scenarios where differentiating between day-time and 

night-time deaths is relevant. Moreover, the pineal gland’s metabolome demonstrated 

significant potential as a novel matrix for PMI estimation, especially when traditional biological 

samples are unavailable or compromised. The strong correlation observed between key 

metabolites and PMI, coupled with the significant enrichment of critical metabolic pathways, 

highlights the gland’s ability to capture time-dependent biochemical changes during 

decomposition. Metabolic pathways related to energy production, amino acid metabolism, and 

oxidative stress were particularly affected, reflected in dynamic concentrations of metabolites 

such as glutamate, succinate, tryptophan, trimethylamine, uracil, choline, inosine, taurine, 
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glycerol, and ethylene glycol. These insights not only advance our understanding of post-mortem 

biochemistry but also underscore the forensic relevance of metabolomic profiling in estimating 

PMI. 

 

This proof-of-concept study further demonstrates the potential of combining metabolomic 

profiling with advanced multivariate analyses to refine PMI estimation beyond the traditional 

methods. The pineal gland’s unique anatomical and physiological characteristics enable it to 

provide metabolic information over an extended PMI window, a feature not typically accessible 

with existing forensic tools. Given the current reliance on the subjective experience of forensic 

pathologists, the pineal gland’s post-mortem metabolome resilience presents an objective and 

scientifically grounded alternative. Despite lacking the protection of the BBB, the pineal gland 

shows remarkable metabolic stability post-mortem, likely due to its deep intracranial location, 

which shields it from environmental exposure and microbial invasion in the early stages of 

decomposition. This resilience positions the pineal gland as a robust matrix for PMI estimation, 

capable of capturing biochemical processes related to both time and cause of death. 

 

Nevertheless, this preliminary study has certain limitations that must be acknowledged and 

addressed in future research. The relatively small sample size (n=15) represents a key limitation 

that may affect the generalizability of the findings. While robust trends in metabolomic shifts 

were observed between day-time and night-time deaths and across PMI, validation in larger, 

more diverse cohorts is essential to confirm these results and improve their forensic applicability. 

Furthermore, inherent variability in factors such as age, gender, season, cause of death, body 

mass index, at the time of death, and pre-mortem medications underscores the need for more 

controlled studies. Validation in the independent cohort will also be critical to assess the 

reproducibility of the observed metabolic distinctions and enhance the reliability of the findings. 

Finally, translating these findings into routine forensic workflows poses practical challenges. First, 

the specialized equipment required for high-resolution metabolomic analysis, such as ¹H-NMR 

spectroscopy, is not yet widely accessible in forensic laboratories, and training would be required 

to analyze and interpret these datasets. Moreover, the stability and transformation of 
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metabolites over time, influenced by microbial growth, environmental conditions, and tissue 

decomposition, further complicate real-time decision-making, especially when PMI estimation is 

needed weeks or months after death. 

 

Nonetheless, the insights gained from this study demonstrate significant potential for forensic 

science. The pineal gland's ability to reflect circadian rhythms and PMI-related biochemical shifts 

offers a novel approach to narrowing down the time-of-death window in cases where 

conventional methods, such as body temperature, livor mortis, or rigor mortis, are unreliable. 

This is particularly relevant in advanced decomposition or when environmental factors obscure 

physical time-of-death indicators. These findings suggest that metabolomic profiling of the pineal 

gland could complement existing forensic tools, providing an additional layer of evidence for case 

reconstruction. By addressing the current limitations and building on these promising findings, 

future research could fully realize the forensic potential of the pineal gland, paving the way for 

more accurate and objective methods for determining the time of death and PMI.  
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SUPPLEMENTARY DATA 
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The data presented in this supplementary section represents a critical extension of the main 

thesis. While the main thesis focuses on metabolomic analysis of 15 post-mortem pineal glands, 

this supplementary dataset includes an additional 45 pineal glands, for a total of 60 samples. 

These additional samples were analyzed to validate and expand upon the insights gained from 

the initial dataset, to enhance the robustness and generalizability of the findings. However, due 

to logistical constraints, the 60 samples were processed in three separate batches , leading to 

observable batch effects in their metabolomic profile. Batch effects are a well-recognized 

challenge in metabolomic studies, arising when technical variation between batches masks or 

confounds biological variation. In this dataset, the batch effects introduce variability that limits 

the interpretability of the results, as evidenced by the Principal Component Analysis (PCA). To 

address this issue, the raw data have been sent to a certified statistician for advanced batch 

correction, and the final harmonized dataset will be presented during the thesis defense. While 

these results are preliminary, they provide valuable insights into the larger dataset's potential 

and emphasize the importance of addressing technical variation in metabolomics research. 

Below, we summarize the sample characteristics, key findings, and the challenges posed by batch 

effects. 

 

 

1. Overview of sample characteris:cs and metabolomic profiling of pineal glands 

The pineal glands were collected from decedents of both sexes (M:F Ratio = 1:2.75; 16:F/44:M), 

aged between 20 and 86 years (mean age = 56.9 ± 16.7 years). The post-mortem interval (PMI) 

ranged from 1.2 days (28 hours) to 12 days (298 hours), ensuring a broad representation of 

decomposition stages. Among the 60 cases, 41 deaths occurred during the day-time, and 19 

during the night-time. The pineal glands were classified into day-time and night-time groups 

based on the interval between sunrise and sunset, as determined by the specific date and season 

in Cagliari, Italy (GMT+1). The demographic parameters of the studied individuals and 

characteristics of pineal gland samples are summarized in Table 8. By capturing a wide range of 

ages, PMIs, and diurnal contexts, this expanded dataset aimed to uncover metabolic trends that 

could remain elusive in smaller and less heterogeneous cohorts. 
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Table 8: Demographic characteristics of the studied individuals and corresponding pineal gland 

weights. Abbreviations: F: Female, M: Male, D: Day, N: Night, PG: Pineal Gland. 

 

2. Principal component analysis (PCA) of post-mortem pineal glands 

PCA was conducted on the profiled dataset of 60 pineal glands to explore potential metabolic 

variation, with corresponding loading plots used to identify the metabolites contributing to the 

observed variance.  
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The PCA score scatter plot showed high variation, with the first three principal components (PCs) 

explaining 67.8% of the total variance (Figure 20A). This high percentage suggests that the 

majority of the metabolic differences in the dataset are effectively captured by these PCs. While 

such a high level of explained variance is generally encouraging, the PCA results indicated 

pronounced batch effects. A batch effect was observed when samples were categorized by their 

respective processing batches (denoted by distinct shapes in the PCA score scatter plot), 

confirming variability due to the staggered processing of samples in three different batches. 

Moreover, four samples (16, 33, 40, and 58) were distributed outside the orthogonal space and 

hence identified as outliers and excluded from further analysis to avoid skewing results. The 

corresponding PCA loading plot shows the distribution of metabolites that contributed most 

strongly to the observed distribution of samples (Figure 20B). However, any biological 

interpretation of these findings remains speculative until batch correction has been 

implemented, as it is currently unclear whether these metabolite variations reflect genuine 

biological differences or artificial shifts induced by processing conditions. 

 

 
Figure 20: Principal Component Analysis (PCA) of post-mortem human pineal gland samples.  
(A) PCA score scatter plot (PC1 versus PC2) of pineal gland samples (n=60), represented by a 
distinct shape corresponding to its batch of origin (1, 2, or 3) (A = 3, total variance = 67.8%). (B) 
Corresponding PCA loading plot highlighting the metabolites contributing to the sample 
distribution observed in the score plot. 
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3. Seasonal varia:on and age influence on metabolomic profile of the pineal 

glands: OPLS-DA and OPLS Regression 

Building on earlier findings from the initial set of 15 pineal glands, where certain factors, such as 

season at the time of death and age of an individual, appeared to exert a modest influence on 

the metabolomic profile, we attempted to validate and extend these observations using OPLS-

DA and OPLS regression on the expanded dataset.  

To assess the impact of the season, we stratified the samples based on the season (summer-April 

through September vs. winter-October through March) and performed supervised OPLS-DA 

analysis. The resulting model indicated no predictive power and a weak model fit, suggesting that 

season at the time of death does not significantly impact the metabolomic composition (Figure 

21A). However, it would be premature to conclude that season exerts no meaningful influence 

on the pineal gland metabolome. Indeed, trends observed in OPLS-DA score scatter plot and box 

plots for specific metabolites (n-acetyl aspartate; p=0.018 and pyruvate; p=0.011, Figure 22) 

suggest that seasonal differences may exist but remain obscured, likely due to the presence of 

batch effects. 

Similarly, when evaluating the effect of age on the metabolic profile using OPLS regression, the 

model exhibited low predictive power and a weak model fit (Figure 21B). These results suggest 

that, in the current uncorrected dataset, age-related metabolic distinctions are not readily 

discernible. However, as with the seasonal analyses, ongoing batch corrections may reveal 

subtler trends that are currently overshadowed due to batch effects.  
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Figure 21: Influence of season and age on the pineal metabolome. (A) OPLS-DA score scatter 
plot showing the separation of pineal gland samples (n=56) based on season at the time of death 
(Summer-April through September vs. winter-October through March) (A=1+1, R2Y= 0.28, Q2Y = 
-0.29). (B) OPLS regression plot analyzing the correlation between the metabolomic profile and 
age of the individual (R2Y= 0.245, Q2Y = 0.06). 
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Figure 22: Box plots illustrating the preliminary metabolic differences between deaths that 
occurred during summer and winter based on univariate (student’s t-test) analysis. 
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metabolome between day-time and night-time groups (Figure 23A). The model’s weak 

performance and lack of predictive power suggest that any subtle metabolic differences may be 

obscured by the uncorrected batch effects. It is therefore likely that subsequent batch correction 

will be necessary before drawing definitive conclusions about diurnal variations in the pineal 

metabolome. Further, a preliminary comparison of individual metabolites suggests that certain 

metabolites may differ between the two groups. Notably, trimethylamine showed a statistically 

significant difference (p=0.032) between day-time and night-time deaths (Figure 24). This finding, 

albeit tentative, points to the possibility that circadian factors could influence specific metabolic 

pathways within the pineal gland. 

Following this, we assessed whether the pineal gland metabolome correlates with PMI using a 

supervised OPLS regression model. This analysis was conducted on profiled datasets derived from 

¹H-NMR metabolomic profiling, with PMI as the independent variable. In the OPLS regression 

curve, a linear correlation of actual PMI with the predictive PMI was observed (Figure 23B). 

Although the current dataset has not yet undergone batch correction, the model exhibited good 

explanatory power. However, the predictive power of the model remained limited, reflecting the 

need for batch correction to improve precision (Figure 23B). The model’s relative error 

(RMSEcv=55.14 hours) further underscores that, while it captures overarching trends, there is a 

notable margin of error in predicting the exact PMI (Figure 23B). Although the margin of error in 

predicting PMI remains relatively high, the metabolomic data from the 60 pineal glands still 

demonstrate a good correlation with PMI. This correlation, despite the current limitations, 

indicates potential for improvement through batch correction, and further investigation. 

 

 



 
 

99 

Figure 23: Influence of time of death (day-time vs. night-time) and Post-Mortem Interval (PMI) 
on the metabolomic profile of post-mortem human pineal glands. (A) OPLS-DA score scatter 
plot illustrating the separation of pineal gland samples based on time of death (day-time vs. night-
time) (A=1+1, R2Y= 0.14, Q2Y = -0.07). (B) OPLS regression curve showing the correlation between 
metabolomic profile and PMI (R2Y= 0.501, Q2Y = 0.12). 
 

 
Figure 24: Box plots illustrating metabolic differences between day-time and night-time deaths, 
based on univariate (student’s t-test) analysis. 
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5. Discussion 

The supplementary data presented herein extend the scope of our initial metabolomic analysis 

of post-mortem human pineal glands, offering a preliminary examination of 60 samples. The aim 

was to broaden the metabolomic landscape initially characterized by the first 15 samples, 

thereby enhancing the robustness of our forensic and biological interpretations. Although the 

increased sample size was intended to refine our understanding of seasonal, temporal (day vs. 

night), PMI, and demographic (age, sex) influences on the pineal metabolome, the current 

findings are tempered by pronounced batch effects. These technical variations, introduced by 

staggered sample processing and potentially differing experimental conditions across batches, 

have hindered our ability to draw definitive conclusions at this stage. The demographic overview 

underscores the heterogeneity of the studied cohort, reflecting variations in gender, age, PMI, 

and estimated time of death relative to daylight hours. Such complexity is inherently valuable, as 

it creates an opportunity to dissect multifactorial influences on the pineal metabolome. However, 

before these data can be leveraged to their full potential, the technical confounding factors 

identified through PCA, namely, the cluster separation by batch, must be resolved. 

 

The PCA and OPLS-based models, which were initially employed to explore the metabolic 

nuances within and between subgroups (such as age-related effects, seasonal differences, or 

diurnal influences), revealed weak or non-predictive patterns. For example, neither seasonality 

(summer vs. winter) nor age demonstrated robust, reproducible impacts on the metabolomic 

signature, as indicated by poor Q² and R² values. Similarly, the attempt to discriminate between 

day-time and night-time deaths yielded minimal predictive power under current conditions. 

Although some box plots suggested trends, hinting that certain metabolites, may vary with 

season (choline and pyruvate) or time of death (trimethylamine), these observations remain 

tentative and must be re-evaluated following data correction. One of the more promising lines 

of inquiry remains the relationship between the pineal metabolome and PMI. Even in the 

presence of batch effects, the OPLS regression suggested that metabolomic patterns are not 

entirely random with respect to PMI, as evidenced by an R²Y value indicating that about half of 

the variance was captured. Yet, the predictive capacity remained limited (Q²Y value was low), 
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emphasizing the need for a more refined dataset before concluding that the pineal metabolome 

can be reliably used for PMI estimation. 

 

To address these shortcomings and restore confidence in biological interpretations, a certified 

statistician is currently applying advanced batch-correction techniques to the raw data. This 

recalibration is expected to enhance the sensitivity of our models, improve the predictive power 

of OPLS analyses, and potentially reveal more distinct metabolic profiles related to age, seasonal 

periods, circadian cycles, and PMI. Importantly, this approach aligns with best practices in 

metabolomics, where careful data normalization and batch-effect mitigation are essential for 

ensuring that findings are not confounded by experimental artifacts. 

 

It is important to stress that the inclusion of these 60-sample data as supplementary material 

does not imply that they are peripheral or of limited value. On the contrary, these data are 

integral to achieving a more comprehensive, statistically robust understanding of the pineal 

metabolome’s forensic and biological significance. The supplementary designation instead 

reflects their current, intermediate status: the analyses presented here are preliminary and 

openly acknowledge the need for further refinement. By situating these findings in the 

supplementary section, we maintain transparency about the ongoing nature of the work and 

highlight our commitment to presenting final, batch-corrected, and methodologically rigorous 

data at the thesis defense. 

 

In conclusion, while the current analysis underscores the challenges posed by batch effects and 

the complexity of interpreting metabolomic data from diverse human cohorts, it also paves the 

way for future improvements. The application of advanced batch-correction methods promises 

to render the dataset more biologically interpretable, facilitating deeper insights into the 

metabolomic underpinnings of circadian rhythms, age and seasonal influences, PMI estimation, 

and other forensic determinants. Ultimately, this supplementary dataset, once corrected and 

validated, may complement and strengthen the findings presented in the main body of the thesis, 

contributing to a richer, more nuanced understanding of the pineal gland’s metabolome.  
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ACRONYMS & ABBREVIATIONS 
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AANAT  Arylalkyl amine N-acetyltransferase 

AH  Aqueous humor 

ATP  Adenosine triphosphate 

BCAA  Branched chain amino acid 

Cdc25b Cell division cycle 25 homologue B 

circRNA circular RNA 

CoA  Coenzyme A 

Ct  Cycle threshold 

CT  Computed tomography 

D₂O  Deuterium oxide 

DNA  Deoxyribonucleic acid 

FasL  Fas Ligand 

GABA  4-amino-n-butyric acid 

GAPDH Glyceraldehyde-3-Phosphate-Dehydrogenase 

GC-MS  Gas chromatography mass spectrometry 

GPC   Glycero phosphocholine 

GSH  Glutathione 

GTEx  Genotype Tissue Expression 

GTP  Guanosine triphosphate 

HIOMT  Hydroxyindole-O-methyltransferase 

HPLC  High performance liquid chromatography 

ICU  Intensive care unit 

KEGG  Kyoto Encyclopedia of Genes and Genomes 

LC-MS  Liquid chromatography mass spectrometry 

miRNA  microRNA 

MRI  Magnetic resonance imaging 

MS  Mass spectrometry 

N/A  Not available 

NMR  Nuclear Magnetic Resonance 
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NOS3  Nitric oxide synthase 3 

n.s.  Non-significant 

OPLS  Orthogonal partial least square 

OPLS-DA Orthogonal partial least square – discriminant analysis 

PB  Phosphate buffer 

PC  Phosphocholine 

PCA  Principal component analysis 

PMI  Post-mortem interval 

PTEN  Phosphatase and tensin homologue 

qPCR  quantitative polymerase chain reaction 

REM  Rapid eye movement 

RMSEcv Relative error in cross validation 

RNA  Ribonucleic acid  

rRNA  ribosomal RNA 

RT-PCR  Reverse transcription PCR 

SCN  Suprachiasmatic nucleus 

TCA  Tri carboxylic acid 

TOF  Time of flight 

TSP  Sodium 3-(trimethyl- silyl) propionate-2,2,3,3,-d4 

VIP  Variable importance in projection 

VH  Vitreous humor 

VLMC  Vascular and leptomeningeal cell 
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