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Abstract

Postmortem interval (PMI) estimation remains a major challenge in forensic medicine due to the complex and multifacto-
rial nature of decomposition processes. In recent years, artificial intelligence (AI) and machine learning techniques have
been increasingly applied to improve PMI prediction. This systematic review aimed to evaluate the current evidence on
Al-based models developed for PMI estimation. A systematic literature search was conducted in PubMed/MEDLINE and
Scopus from database inception to 1 March 2026, following PRISMA 2020 guidelines. Studies were included if they
applied Al, machine learning, or deep learning methods to estimate PMI using real postmortem datasets. Data extrac-
tion included study characteristics, data modality, Al model architecture, validation strategy, and reported performance
metrics. A total of 64 studies met the inclusion criteria. The most common approach involved microbiome-based models
(n=29), followed by metabolomics and proteomics approaches (n=11) and imaging-based Al models (n=11). Random
Forest algorithms were the most frequently used machine learning method, particularly in microbiome studies. Reported
predictive performance varied widely across studies, with several models achieving high accuracy or low prediction errors
depending on the data modality and PMI range investigated. Al represents a promising tool for improving the accuracy
and objectivity of PMI estimation by enabling the integration of complex forensic datasets. However, current evidence is
limited by heterogeneous methodologies, small datasets, and a lack of external validation. Future research should focus
on large multicenter datasets, standardized validation protocols, and multimodal Al models integrating diverse forensic
data sources.
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Introduction

The estimation of the postmortem interval (PMI), defined as
the time elapsed since death, represents one of the most crit-
ical tasks in forensic investigations. Accurate determination
of PMI can assist in reconstructing the sequence of events
surrounding death, narrowing investigative timelines, and
corroborating or challenging witness testimonies and alibis.
Over the past decades, numerous biological, biochemical,
and environmental indicators have been investigated for this
purpose. However, despite substantial research efforts, PMI
estimation remains a complex challenge due to the multi-
factorial nature of postmortem processes and the strong
influence of environmental conditions on decomposition
dynamics [1, 2].

Traditional approaches to PMI estimation are often based
on empirical observations or single biological indicators.
These methods can be substantially influenced by external
factors. Consequently, classical techniques frequently pro-
vide relatively broad time intervals rather than precise esti-
mates, particularly in advanced stages of decomposition. In
addition, interpretation of postmortem findings often relies
on expert judgment, which may introduce inter-observer
variability. These limitations have prompted the search for
more objective and reproducible analytical methods capable
of integrating multiple sources of biological and environ-
mental information to improve the accuracy of PMI estima-
tion [3-5].

Artificial intelligence (AI), encompassing machine learn-
ing (ML) and deep learning techniques, has experienced
rapid development across biomedical and forensic sciences.
These computational approaches are capable of identifying
complex and non-linear relationships within large datasets
and integrating heterogeneous variables that are difficult to
analyze using conventional statistical methods. In forensic
medicine, Al applications have progressively expanded to
areas such as forensic imaging interpretation, injury pattern
analysis, identification of human remains, and predictive
modelling of biological parameters relevant to death inves-
tigations [6, 7].

More recently, Al-based models have been proposed for
the estimation of PMI using a wide variety of data sources,
including postmortem imaging, biochemical and metabolo-
mic markers, microbial succession, environmental param-
eters, and forensic entomology datasets. These approaches
aim to enhance predictive accuracy by capturing complex
interactions among multiple factors involved in decom-
position processes. Early studies have reported promising
results [8, 9], suggesting that Al-driven models may out-
perform traditional approaches, particularly when applied to
large multidimensional datasets.
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Despite the increasing number of studies investigating
Al-based approaches for PMI estimation, the available lit-
erature remains highly heterogeneous with respect to study
design, data sources, modelling strategies, and validation
frameworks. Differences in dataset size, environmental
variability, and performance metrics make it challenging to
compare findings across studies and to assess the real foren-
sic applicability of these models [7]. Moreover, many stud-
ies rely on small experimental datasets or animal models,
limiting the generalizability of the results to real forensic
casework.

The aim of the present systematic review is to evaluate
the current evidence on artificial intelligence—based models
developed for postmortem interval estimation. Specifically,
this review aims to examine the methodological approaches
adopted in Al-driven PMI prediction, the types of data
employed, model validation strategies, and the reported
predictive performance. By synthesizing the available lit-
erature, this work seeks to provide a comprehensive over-
view of the current state of the field and to identify potential
directions for future research and forensic application.

Materials and methods
Study design and research question

This study was designed as a systematic review aimed at
evaluating artificial intelligence (Al) applications in post-
mortem interval (PMI) estimation. The review was con-
ducted according to the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA 2020)
guidelines, ensuring transparency and reproducibility in
study identification, selection, and synthesis [10]. The study
protocol was prospectively registered on the Open Science
Framework (OSF) to ensure methodological transparency
and reproducibility. A publicly accessible view-only version
of the protocol is available at: https://osf.io/j3ymz/overview
?view_only=f0e11d87cbb14529833330e94ca762e5.

The objective of this review was to investigate the per-
formance, methodological approaches, and forensic appli-
cability of Al-based models developed for estimating the
postmortem interval using biological, imaging, biochemi-
cal, entomological, or environmental data.

Eligibility criteria

Studies were included if they met the following criteria:
original research articles applying Al, machine learning, or
deep learning techniques; studies addressing postmortem
interval estimation or time-since-death prediction; use of
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forensic or experimentally simulated postmortem datasets;
quantitative evaluation of model performance (e.g., MAE,
RMSE, accuracy, correlation coefficients); peer-reviewed
publications written in English. Studies involving both
human postmortem data and experimentally generated ani-
mal models used to simulate decomposition were consid-
ered eligible.

Exclusion criteria were: studies using purely statisti-
cal or regression-based approaches without Al or machine
learning methods; narrative reviews, editorials, conference
abstracts without full data, and methodological commentar-
ies; studies focused exclusively on decomposition descrip-
tion without predictive modelling; articles lacking objective
performance metrics.

Information sources and search strategy

MEDLINE (via PubMed) and Scopus were searched from
database inception to the final search date (1 March 2026),
supplemented by backward and forward citation tracking.
Database-specific strategies are provided in Supplemen-
tary Appendix 1. Manual screening of reference lists from
eligible studies was performed to identify additional rel-
evant publications. After duplicate removal, studies were
screened independently by two reviewers through: title and
abstract screening; full-text evaluation. Disagreements were
resolved through consensus discussion.

Data extraction

Data extraction was conducted using a standardized form
developed prior to study selection. The following variables
were collected: author(s), year, and journal; study design
and forensic context; type of data used for PMI estimation
(imaging, biochemical, molecular, entomological, environ-
mental, multimodal); sample characteristics (human, animal
models, experimental conditions); Al model architecture
and training strategy; validation approach (internal or exter-
nal validation); target outcome (continuous PMI estima-
tion or interval classification); performance metrics (MAE,
RMSE, correlation, accuracy); comparator methods (tradi-
tional PMI estimation approaches); reported limitations and
sources of bias. Data extraction was performed indepen-
dently by two reviewers and verified for consistency.

Risk of bias and methodological quality assessment
Risk of bias was assessed using tools adapted to Al-based

prediction studies, primarily based on the PROBAST frame-
work for predictive modelling studies and QUADAS-2

principles when diagnostic accuracy designs were appli-
cable. Because no standardized risk-of-bias tool currently
exists specifically for artificial intelligence—based forensic
PMI prediction studies, the assessment criteria were adapted
according to methodological characteristics relevant to
forensic Al applications.

The evaluation focused on: (i) dataset representativeness;
(i) consideration of environmental variability; (iii) validation
strategy (internal versus external validation); (iv) potential
risk of overfitting; (v) transparency and reproducibility of Al
pipelines. Studies relying exclusively on small experimen-
tal datasets, animal-only decomposition models, or internal
validation strategies were considered at increased risk of bias
regarding generalizability and predictive robustness.

Each study was classified as presenting low, moderate, or
high overall risk of bias. A detailed study-level assessment
is provided in Supplementary Table S1.

Results
Study selection

The literature search identified a total of 269 records, includ-
ing 148 records from PubMed/MEDLINE and 121 records
from Scopus. After removing 80 duplicate records and one
retracted article, 188 records remained for title and abstract
screening. Of these, 118 records were excluded because
they did not meet the eligibility criteria. The remaining 70
reports were assessed for full-text eligibility, of which two
could not be retrieved.

Following full-text evaluation, four additional studies
were excluded due to the absence of artificial intelligence or
machine learning approaches, the use of simulated datasets
without real postmortem data, or the lack of predictive mod-
elling of the postmortem interval. Ultimately, 64 studies met
the inclusion criteria and were included in the qualitative
synthesis [11-74]. The study selection process is illustrated
in the PRISMA flow diagram (Fig. 1).

Characteristics of included studies

The main characteristics of the included studies are sum-
marized in Supplementary Table S2. Overall, the 64 studies
investigated a broad range of biological, molecular, imaging,
and environmental datasets for artificial intelligence—based
PMI estimation. Most investigations relied on experimen-
tal animal decomposition models, particularly rodents and
pigs, although several studies employed human cadavers,
skeletal remains, or retrospective forensic datasets.
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The included studies evaluated both continuous PMI
prediction and classification-based approaches. Investi-
gated PMI windows ranged from early postmortem changes
occurring within hours after death to long-term decomposi-
tion intervals extending over several months or years. The
principal methodological categories identified in the litera-
ture are summarized in Table 1 and discussed in detail in the
following sections.

Microbiome-based models

Microbiome-based approaches represented the largest
group among the included studies, accounting for 29 of the
64 investigations. These models analyzed microbial suc-
cession in different anatomical and environmental contexts,
including skin, gut, oral cavity, gravesoil, bone, burial envi-
ronments, and aquatic decomposition settings.

@ Springer

Most studies employed Random Forest algorithms
because of their ability to manage high-dimensional
sequencing datasets and nonlinear biological interactions.
Several investigations used murine or porcine experimen-
tal decomposition models, whereas others analyzed human
cadavers or skeletal remains.

Human cadaver studies demonstrated promising predic-
tive performance. Hu et al. analyzed intestinal microbiota
from 63 cadavers and reported high predictive accuracy for
PMI estimation [28], while Chen et al. investigated oral and
nasal microbiota in 88 human swab samples and achieved
mean absolute errors ranging from 2.16 to 5.14 days [18].
Other studies focused on environmental microbial commu-
nities associated with decomposition, including gravesoil
bacteria, aquatic biofilms, and bone microbial succession.

Among experimental animal models, Liu et al. reported
MAE values of approximately 20 h with coefficients of
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Table 1 Overview of artificial intelligence approaches for postmortem interval estimation in the studies included in this review (n=64). Two
studies were classified into more than one methodological category; therefore, the total number of category entries (n=66) exceeds the total

number of included studies (n=64)

Al approach Biological source Common AI/ML Number of Typical PMI window  Reported
models studies performance
Microbiome-based models Skin, gut, oral cavity, Random Forest, 29 Hours — months MAE~0.6 h—
soil, bone, burial XGBoost, Gradient 5 days; R% up to
environments Boosting, ANN 0.95
Metabolomics/proteomics Blood, muscle, liver, SVR, neural networks, 11 Hours — days MAE =
multi-organ tissues Random Forest, stack- 0.07-2 days;
ing ensembles AUC up to 0.98
Spectroscopy-based approaches  Vitreous humor, skel- FTIR, ATR-FTIR, 7 Hours — months RMSE =
etal muscle, bone, NIR+SVR/ANN/PLS 1-2 days (early
puparia models PMI); classifica-
tion accuracy up
to 100%
Imaging-based Al (radiomics/ PMCT scans, CNN, ResNet, 11 Early PMI Accuracy =
pathology) histopathology Vision Transformer, (hours—days) 78-96%; AUC =
slides, corneal imag- radiomics ML 0.75-0.96
ing, hyperspectral classifiers
imaging
Forensic entomology models Blowfly larvae, ANN, SVR, XGBoost 6 Days — weeks Accuracy ~
pupae, puparia regression 80-94%; MAE =
1-7 developmen-
tal units
Environmental/taphonomic ML~ Forensic decom- Random Forest, 2 Days — months R%~0.82

datasets

position databases,
GIS environmental
variables

machine learning
classifiers

Abbreviations: A/ Artificial Intelligence; ANN Artificial Neural Network; AUC Area Under the Receiver Operating Characteristic Curve; CNN
Convolutional Neural Network; FTIR Fourier Transform Infrared Spectroscopy; GIS Geographic Information System; MAE Mean Absolute Error;
ML Machine Learning; NIR Near-Infrared Spectroscopy; PMCT Postmortem Computed Tomography; PMI Postmortem Interval; PMImin Mini-
mum Postmortem Interval; PLS Partial Least Squares; R? Coefficient of Determination; RF Random Forest; RMSE Root Mean Square Error;
SVR Support Vector Regression; XGBoost eXtreme Gradient Boosting; ATR-FTIR = Attenuated Total Reflectance Fourier Transform Infrared

Spectroscopy

determination approaching R? ~ 0.95 in murine decomposi-
tion models [43]. Similarly, Zhao et al. demonstrated strong
predictive performance using oral microbiome sequencing
during rat decomposition, with R? values approaching 0.94
[74].

Overall, microbiome-based models demonstrated some
of the most consistent predictive performances across broad
PMI ranges, although substantial variability remained
related to environmental conditions, sample origin, and
decomposition context.

Metabolomics and proteomics approaches

A total of 11 studies investigated metabolomics- and pro-
teomics-based approaches for PMI estimation. These meth-
ods aimed to identify biochemical alterations associated
with postmortem degradation processes, including metabo-
lite accumulation, tissue biochemical changes, and protein
fragmentation.

Most investigations analyzed blood, skeletal mus-
cle, liver tissue, or multi-organ datasets using mass
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spectrometry—based analytical platforms combined with
machine learning algorithms such as support vector regres-
sion, Random Forest, neural networks, and ensemble learn-
ing models.

Several studies demonstrated particularly promising per-
formance for early PMI estimation. Magnusson et al. applied
neural network models to large-scale human blood metabo-
lomic datasets including more than 4,800 individuals and
reported mean absolute errors of approximately 1.45 days
[47]. Similarly, Li et al. developed a multi-omics stacking
ensemble model integrating metabolomics, proteomics, and
FTIR data, achieving AUC values up to 0.98 with very low
prediction errors [38]. Fan et al. further demonstrated robust
predictive performance across multiple temperature con-
ditions using multi-organ GC-MS metabolomics datasets
[25].

Proteomic approaches also showed encouraging results.
Du et al. combined multi-organ proteomic fragments with
ensemble machine learning methods and reported clas-
sification accuracies exceeding 0.89 in external validation
cohorts [24]. Other studies investigated skeletal muscle or
bone protein degradation patterns for late PMI estimation
and demonstrated promising classification performance for
long-term decomposition intervals.

Overall, metabolomics and proteomics approaches
appeared particularly effective for early PMI estimation and
multidimensional forensic datasets.

Imaging-based Al models

Imaging-based artificial intelligence approaches were
reported in 11 studies and included postmortem computed
tomography (PMCT), pathology whole-slide imaging, cor-
neal opacity analysis, and hyperspectral imaging techniques.

Recent investigations increasingly employed deep learn-
ing architectures such as convolutional neural networks
(CNNs), ResNet models, DenseNet, and Vision Transform-
ers. Imaging-based models were primarily applied to early
PMI estimation and interval classification tasks.

Ivanov et al. developed a 3D convolutional neural net-
work based on PMCT imaging datasets obtained from 123
human cadavers and demonstrated promising classification
performance for different PMI intervals [30]. Klontzas et al.
used PMCT radiomics combined with XGBoost classifiers
and reported AUC values of approximately 0.75 for distin-
guishing PMI intervals below and above 12 h [33].

Histopathology whole-slide imaging represented another
emerging field. An et al. and Liang et al. applied deep learn-
ing architectures to pathology imaging datasets derived
from human and animal decomposition models, achieving
classification accuracies ranging from approximately 78%
to over 93% [11, 12, 41, 42].
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Additional imaging-based approaches included corneal
opacity analysis and hyperspectral imaging of entomologi-
cal specimens. Overall, imaging-based Al demonstrated
promising performance, particularly in controlled experi-
mental settings and early PMI estimation scenarios.

Spectroscopy-based approaches

Seven studies investigated spectroscopy-based approaches
for PMI estimation, primarily using Fourier transform infra-
red spectroscopy (FTIR), attenuated total reflectance FTIR
(ATR-FTIR), and near-infrared spectroscopy (NIR).

These methods analyzed vitreous humor, skeletal mus-
cle, bone tissue, and insect puparia to detect biochemical
alterations associated with decomposition. Artificial neural
networks, support vector regression, partial least squares
models, and Random Forest algorithms were commonly
employed.

Several studies demonstrated excellent predictive per-
formance during early PMI intervals. Zhang et al. reported
ANN-based prediction errors of approximately 2 h using
vitreous humor FTIR analysis [66], whereas Deng et al.
achieved RMSE values of approximately 1.8 days using
ATR-FTIR spectroscopy of human skeletal muscle [22].
Schmidt et al. also reported classification accuracies
approaching 100% using NIR spectroscopy of human skel-
etal remains [53].

Other investigations explored long-term PMI estimation
using weathered insect puparia or skeletal remains, suggest-
ing that spectroscopy-based approaches may also provide
value for extended decomposition intervals.

Forensic entomology and environmental/
taphonomic models

Six studies focused on forensic entomology—based AI mod-
els, primarily analyzing blowfly larvae, pupae, puparia,
or cuticular hydrocarbons for minimum PMI estimation.
Artificial neural networks, support vector regression, and
XGBoost regression models were commonly applied to
insect developmental datasets.

These studies generally demonstrated high predictive
performance, with classification accuracies ranging from
approximately 80% to 94%. Several investigations also
reported promising applications of hyperspectral imaging
and ATR-FTIR spectroscopy for estimating developmental
stages of forensically important insects.

Environmental and taphonomic machine learning data-
sets were less frequently investigated. Weisensee et al.
developed a large forensic taphonomy database integrating
GIS environmental variables and decomposition features
from more than 2,500 forensic cases, achieving R? values
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Fig.2 Conceptual framework

of artificial intelligence—based
approaches for postmortem
interval estimation. Different types
of postmortem data—including
microbiome profiles, molecular
biomarkers, imaging features,
spectroscopic signals, entomologi-
cal evidence, and environmental
variables—can be integrated using
machine learning and deep learning
models to generate predictive esti-
mates of the postmortem interval
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of approximately 0.82 [61]. Similarly, Korgesaar et al. dem-
onstrated reliable PMI interval classification using environ-
mental and taphonomic variables derived from retrospective
forensic datasets [34]. Sharif et al. and Yu et al. further dem-
onstrated promising performance of machine learning and
deep learning models applied to puparial chemical and mor-
phological analysis for PMImin estimation [54, 64].

Validation strategies and predictive performance

A wide range of machine learning algorithms were applied
across the included studies. Random Forest represented the
most frequently used approach, particularly in microbiome-
based investigations, whereas deep learning architectures
predominated in imaging-based studies.

Most studies relied on internal validation approaches,
including cross-validation or train—test splits, while inde-
pendent external validation cohorts were reported less fre-
quently. Overall, Al-based models demonstrated promising
predictive performance across different methodological
categories, with reported MAE values ranging from a few
hours to several days depending on the investigated PMI
interval and biological matrix.

However, predictive performance varied substantially
according to dataset size, environmental variability, decom-
position conditions, and validation strategy. Studies employ-
ing external validation generally reported lower but more
methodologically robust predictive performance compared
with internally validated experimental datasets.

Risk of bias assessment

The risk-of-bias assessment demonstrated substantial meth-
odological heterogeneity across the included studies. Most
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studies were classified as presenting moderate risk of bias,
mainly due to limited external validation, relatively small
experimental datasets, and the frequent use of animal
decomposition models.

Only a minority of studies employed independent exter-
nal validation cohorts, whereas most investigations relied
on internal validation approaches such as cross-validation
or train—test splits, potentially leading to optimistic esti-
mates of predictive performance.

Studies based on human forensic datasets combined with
external validation generally demonstrated lower meth-
odological risk and greater generalizability. Conversely,
studies using highly controlled experimental conditions or
limited sample sizes showed increased concerns regarding
reproducibility and real-world forensic applicability.

The detailed study-level assessment is reported in Sup-
plementary Table S1.

Figure 2 illustrates the conceptual framework of Al-
based approaches for postmortem interval estimation and
the main categories of data sources and machine learning
models identified in the literature.

Taken together, these findings suggest that Al-based PMI
estimation models demonstrate substantial potential across
multiple forensic domains, although methodological het-
erogeneity and limited external validation remain important
limitations.

Discussion

In recent years, Al and machine learning techniques have
been increasingly applied in forensic research as tools
capable of integrating complex datasets and identifying pat-
terns that may improve PMI estimation. Although several
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traditional approaches based on morphological, biochemi-
cal, and environmental indicators have been proposed, their
accuracy remains limited and strongly influenced by mul-
tiple postmortem and environmental variables [3-5, 75].

The present systematic review identified 64 studies inves-
tigating Al-based approaches for PMI estimation across
multiple forensic domains. Overall, the results demonstrate
a rapidly growing interest in the application of machine
learning models to decomposition-related data, reflecting
the increasing availability of high-throughput biological
datasets and advanced computational methods.

Among the included studies, microbiome-based mod-
els represented the most frequently investigated approach,
accounting for nearly half of the included studies. Micro-
bial succession during decomposition has long been recog-
nized as a potentially informative indicator of postmortem
changes, and recent advances in sequencing technologies
have enabled detailed characterization of microbial com-
munities in different anatomical sites and environmental
contexts.

Several studies applied machine learning algorithms to
microbial community datasets obtained from the skin, gut,
oral cavity, bone, and surrounding soil environments [13,
28, 29, 62]. Random Forest models were particularly fre-
quently used for PMI prediction due to their robustness in
handling complex nonlinear relationships and high-dimen-
sional datasets [18, 43, 51]. In several investigations, micro-
biome-based models achieved high predictive performance,
with coefficients of determination approaching R? ~ 0.95 or
mean absolute errors of only a few hours to several days
depending on the decomposition stage [43, 51].

Despite these promising results, microbiome-based
approaches also present important limitations. Microbial
community composition is strongly influenced by environ-
mental factors such as temperature, humidity, and soil char-
acteristics, which may limit the generalizability of predictive
models across geographic regions. Furthermore, many stud-
ies were conducted using controlled animal decomposition
models, including rodents or pigs, rather than human foren-
sic cases [23, 56, 62].

Overall, predictive performance appeared to vary accord-
ing to both the biological matrix analyzed and the inves-
tigated PMI interval. Microbiome-based models generally
demonstrated the most stable predictive performance across
broad decomposition windows, likely because microbial
succession continues throughout advanced decomposition
stages. In contrast, metabolomics and spectroscopy-based
approaches appeared particularly effective during early PMI
intervals, when biochemical alterations occur rapidly after
death.

Imaging-based artificial intelligence models also dem-
onstrated promising performance for early PMI estimation,
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especially in controlled experimental settings and postmor-
tem imaging environments. However, their performance
may be more sensitive to imaging standardization and
acquisition protocols.

Several studies suggested that multimodal approaches
integrating multiple biological and environmental datasets
may achieve superior predictive performance compared
with single-modality models, although direct comparative
evidence remains limited.

Another important group of studies explored molecular
approaches, including metabolomics and proteomics. These
methods aim to identify biochemical signatures associated
with postmortem degradation processes, such as protein
fragmentation or metabolite accumulation.

Metabolomic profiling of tissues or biological fluids com-
bined with machine learning algorithms has demonstrated
promising results for early PMI estimation [25, 38, 47]. In
particular, large-scale metabolomic analyses using neural
networks or ensemble learning approaches have reported
predictive errors of only a few days in human forensic data-
sets [47].

Proteomic studies have also shown encouraging results,
particularly when analyzing skeletal muscle or bone protein
degradation patterns [24, 27, 71]. In some cases, classifica-
tion models based on proteomic features achieved very high
accuracy for distinguishing PMI intervals.

Nevertheless, the application of molecular techniques
in routine forensic practice remains limited by the need for
specialized analytical equipment, such as mass spectrom-
etry platforms, as well as the potential influence of ante-
mortem physiological factors or environmental variables on
molecular biomarkers.

Recent studies have increasingly investigated the use of
imaging-based artificial intelligence models for PMI esti-
mation. These approaches exploit high-dimensional data-
sets derived from postmortem imaging modalities such as
computed tomography, histopathology slides, or hyperspec-
tral imaging. Deep learning architectures including convo-
lutional neural networks and Vision Transformer models
have been applied to detect subtle structural or morphologi-
cal changes associated with decomposition processes [30,
41, 64]. Similarly, machine learning analysis of postmortem
CT radiomic features has been proposed as a tool for distin-
guishing early PMI intervals [33].

Although these approaches remain relatively underrep-
resented compared with microbiome-based methods, imag-
ing-based Al models may provide valuable tools for early
postmortem interval estimation, particularly in hospital or
forensic imaging settings where postmortem CT is increas-
ingly used.

Spectroscopy-based approaches represent another
emerging research direction in Al-based PMI estimation.



International Journal of Legal Medicine

Techniques such as Fourier transform infrared spectroscopy
(FTIR), attenuated total reflectance FTIR, and near-infrared
spectroscopy have been used to detect biochemical changes
in tissues or body fluids during decomposition [22, 65, 66].

Machine learning algorithms applied to spectroscopic
datasets have demonstrated promising predictive perfor-
mance, particularly for early PMI intervals where biochemi-
cal changes occur rapidly.

Similarly, several studies have applied machine learning
models to forensic entomology datasets, including insect
developmental stages or chemical signatures in puparia [15,
54, 69]. Because insect colonization often represents the
most reliable indicator for longer postmortem intervals, Al-
based entomological models may play a key role in extend-
ing PMI estimation beyond the early decomposition stages.

Although several studies reported highly promising pre-
dictive performance, direct comparisons between Al-based
approaches and traditional PMI estimation methods were
relatively limited. In many investigations, Al models were
evaluated primarily within experimental datasets without
systematic comparison against conventional forensic tech-
niques such as body cooling curves, rigor mortis, or ento-
mological staging performed by standard methodologies.

Consequently, while Al-based approaches appear capa-
ble of improving prediction accuracy in multidimensional
datasets, current evidence should still be interpreted cau-
tiously until larger externally validated comparative foren-
sic studies become available.

Several limitations of this systematic review should be
acknowledged. First, the literature search was limited to
two major scientific databases (PubMed/MEDLINE and
Scopus), and although additional citation tracking was per-
formed, relevant studies indexed in other databases may
have been missed. Second, only studies published in English
were included, which may have introduced language bias.
Another important limitation concerns the substantial het-
erogeneity across the included studies. Differences in data
modalities, biological samples, decomposition conditions,
Al model architectures, validation strategies, and reported
performance metrics made direct comparison between stud-
ies challenging.

An important methodological limitation emerging
from this review is the relatively limited use of indepen-
dent external validation cohorts. Most studies relied on
internal validation strategies, such as train—test splits or
cross-validation, which may overestimate predictive perfor-
mance and reduce generalizability in real forensic contexts.
Furthermore, many of the included studies were based on
experimental animal models rather than human forensic
cases, which may limit the generalizability of the findings

to real-world forensic investigations. Finally, because of the
variability in study design and outcome reporting, it was not
possible to perform a quantitative meta-analysis of model
performance. Instead, results were synthesized narratively
with a focus on methodological trends, data sources, and
reported predictive performance. The methodological qual-
ity assessment further highlighted that many currently avail-
able Al-based PMI studies remain exploratory in nature,
with limited external validation and reduced generalizabil-
ity to real forensic scenarios.

In addition to methodological aspects, the increasing use
of Al in forensic and medical contexts also raises relevant
medico-legal considerations. Al-based models for PMI
estimation may potentially contribute to forensic decision-
making, making transparency in data processing and model
validation particularly important. A recently proposed
medico-legal framework for the evaluation of artificial
intelligence in healthcare highlights the importance of sys-
tematically assessing dataset quality, identifying potential
sources of error, and reconstructing causal pathways when
algorithmic systems are involved in clinical or medico-legal
contexts [76]. Although developed primarily for healthcare
applications, similar principles may also be relevant for the
evaluation and responsible use of Al-based tools in forensic
investigations.

In addition, many machine learning approaches are
inherently probabilistic and stochastic in nature, meaning
that predicted PMI estimates are often associated with sta-
tistical uncertainty rather than deterministic conclusions.
This aspect may have important implications in forensic
and judicial contexts, where the interpretation, explainabil-
ity, and reproducibility of Al-generated estimates become
essential for evidentiary reliability and admissibility.

Future research should prioritize the development of
large multicenter forensic datasets including diverse envi-
ronmental conditions and human postmortem cases. Stan-
dardized data acquisition protocols and transparent reporting
of machine learning pipelines would significantly improve
reproducibility and comparability across studies.

In addition, the integration of multimodal datasets, com-
bining microbiome profiles, molecular biomarkers, imaging
features, and environmental variables, represents a promis-
ing direction for improving PMI prediction accuracy. Mul-
timodal artificial intelligence models may be better suited
to capture the complex biological processes involved in
decomposition.

Finally, the development of interpretable Al models
will be essential for forensic applications, where transpar-
ency and explainability are critical due to the potential legal
implications of PMI estimation.
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Conclusions

Artificial intelligence has emerged as a powerful tool for
improving the estimation of the postmortem interval by
enabling the analysis of complex biological, molecular, and
environmental datasets. The studies included in this systematic
review demonstrate that Al-based approaches—particularly
those based on microbial succession, molecular biomarkers,
imaging data, and spectroscopic techniques—can achieve
promising predictive performance across different PMI ranges.

Among the investigated strategies, microbiome-based
models represent the most extensively explored approach,
reflecting the strong association between microbial com-
munity dynamics and decomposition processes. At the same
time, recent developments in metabolomics, proteomics, and
deep learning—based imaging analysis highlight the growing
diversification of data sources used for PMI prediction.

Despite these advances, several challenges remain. Many
studies rely on small experimental datasets, limited external
validation, and animal models that may not fully reproduce
real forensic scenarios. In addition, the heterogencity of
analytical pipelines and performance metrics currently lim-
its direct comparisons between studies.

Future research should therefore focus on the develop-
ment of larger, standardized datasets derived from human
forensic cases, the implementation of robust external vali-
dation strategies, and the integration of multimodal datasets
combining biological, molecular, imaging, and environ-
mental information. Such approaches may enable the devel-
opment of more accurate, generalizable, and interpretable
Al systems for forensic PMI estimation.

Overall, artificial intelligence represents a promising
frontier in forensic science and has the potential to signifi-
cantly improve the objectivity and reliability of postmortem
interval estimation in future forensic investigations.
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