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ARTICLE INFO ABSTRACT

Keywords: Introduction: Postmortem computed tomography (PMCT) is increasingly used in forensic investigations, offering a
Computed tomography non-invasive and objective approach to estimating the postmortem interval (PMI). This study aimed to develop
Radiomics

and externally validate radiomic models to distinguish deaths within versus beyond 24 h, using liver radiomic
features from PMCT scans..

Methods: A retrospective analysis was performed on 51 cadavers for model development and validated on 80
independent cases. In the training set, 173 PMCT scans across different PMIs were analyzed. The liver was
manually segmented, and 40 radiomic features—statistical, morphological, and fractal—were extracted.
Robustness to segmentation variability was assessed with autocontoured segmentations using the Intraclass
Correlation Coefficient (ICC). PMI was dichotomized as < 24 versus > 24 h. Univariate analyses identified
predictive features, and logistic regression models were built from significant variables. Model performance was
evaluated with receiver operating characteristic (ROC) curves, with sensitivity and specificity at the optimal
threshold.

Results: Four features were significantly associated with PMI, with liver skewness emerging as the most predictive
(p = 9.13 x 10~ and robust (ICC = 0.75). A logistic regression model based on skewness achieved an AUC of
0.75 (95 % CI: 0.65-0.86) and 100 % specificity at the optimal threshold, reliably identifying deaths beyond 24
h. Adding a second feature did not improve performance (p = 0.54, DeLong test). External validation confirmed
specificity of the skewness model (70 % at the optimal threshold).

Conclusion: Liver skewness extracted from PMCT shows potential as a biomarker for identifying deaths beyond
24 h, with performance confirmed on an independent cohort.

Post-mortem interval

1. Introduction for both legal and medical purposes. Traditionally, PMI estimation has
been based on macroscopic examination, histological findings, and

The estimation of the postmortem interval (PMI) is a critical biochemical analyses [1].
component in forensic investigations, providing essential information However, these methods are often influenced by subjectivity and
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environmental factors, and usually the degradation of biological
markers over the time can further complicate the accuracy of the mea-
surement of this parameter [2].

The PMI estimation can in fact be complicated by the presence of
multiple factors, such as the cause of death, the environmental condi-
tions where the subject has been found (e.g., external temperature and
body location), and the individual characteristics of the deceased (e.g.,
body mass, body temperature, age, and gender)[3,4]. To address these
challenges, a variety of methods has been explored during the years,
with the choice of technique largely dependent on the body condition
[5]. During the early postmortem period, physical processes such as
livor mortis, rigor mortis, algor mortis, and supravital reactivity are
commonly used [6]. As decomposition advances, forensic entomology
and skeletal muscle protein degradation may provide more reliable in-
formation[7]. In recent years, imaging techniques have become a
cornerstone of death investigations, often complementing or replacing
invasive autopsy procedures[8]. Among these, postmortem computed
tomography (PMCT) has emerged as a preferred modality due to its
accessibility, non-invasive nature, and ability to produce high-quality
contrast images [9,10]. PMCT provides valuable insights into postmor-
tem changes across various organs, as the liver, the brain or the eyes.
Recently it has been reported that the liver undergoes significant post-
mortem modifications visible on PMCT, such as the accumulation of
intrahepatic gas, which typically appears in the portal veins 12-64 h
after death and later extends to the hepatic veins [11].

In this context the idea of quantitatively analysing such images offers
a unique opportunity to obtain reliable PMI estimation through the
characterisation of the postmortem changes occurred in the liver and
visible on PMCT. Radiomics is a recent approach born to extract high-
dimensional data from medical images, so enabling the identification
of subtle changes in tissue structure and composition [12,13].

Despite the promising data obtainable through the use of PMCT, its
application to PMI estimation remains largely unexplored, mainly due to
the lack of large, standardised dataset, where PMCT of cases acquired at
different and known time points after the death are available.

This study sought to address this limitation by applying radiomic
analysis to liver PMCT images of a comprehensive cohort of patients
acquired with well-known postmortem interval and then evaluated
using an external independent cohort. Quantitative features extracted
from the liver were used to develop predictive models capable of dis-
tinguishing between deaths occurring within or beyond 24 h postmor-
tem. A key focus of this study was ensuring model interpretability,
which is essential in modern radiomic approaches. Understanding the
mechanisms underlying model predictions is critical not only for
fostering trust among clinicians but also for enabling the effective
translation of these models into practical forensic and clinical
applications.

2. Materials and methods
2.1. Subjects

This retrospective study included cadavers referred to the Forensic
Medicine Institute of Universita Cattolica del Sacro Cuore (UCSC),
Rome, between May 2021 and May 2023, and to the University Hospital
of Heraklion, Crete, between August 2016 and November 2021.

The model was trained on a total of 51 subjects, with a mean age at
death of 59.3 years (range: 15-86 years). Of these, 9 were female and 42
were male. Inclusion criteria consisted of a verified time of death
(confirmed by witnesses) and an age above 15 years. Exclusion criteria
encompassed clinically and/or radiologically significant liver pathol-
ogies or traumatic liver injuries.

Following the same inclusion and exclusion criteria applied to the
training cohort, a total of 80 subjects were enrolled for external vali-
dation. The cohort had a mean age of 45.9 years (standard deviation:
23.8 years), with males representing 76 % of the population.
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The study received the approval of the Institutional Research Ethics
Committee. All the bodies were transported to the Institute within
maximum six hours of death. Upon arrival, the bodies were undressed,
placed supine on the CT table in the scanning room with arms positioned
alongside the torso, and placed in standard forensic body bags. The
cadavers remained in this position throughout the entire procedure,
conducted in a controlled environment maintained at a temperature of
18-20 °C and relative humidity of 49 %. Each case underwent a variable
number of sequential CT scans prior to autopsy.

As for the training set, all CT examinations were acquired using a
Somatom Scope 16-slice CT scanner (Siemens Healthineers, Italy) and
alternated between two acquisition protocols. Protocol 1 employed 130
kV voltage, 71 mA tube current, 1.5 mm slice thickness, and H31S head-
district kernel reconstruction. Protocol 2 utilized 130 kV voltage, 90 mA
tube current, 1.5-mm slice thickness, and H75 kernel reconstruction. For
all scans the full body was acquired, from the vertex of the skull to
beyond the feet, without the use of contrast agent. All scans were
reviewed by a senior radiologist to ensure reliability and image quality;
scans with artifacts were repeated as necessary. Following CT evalua-
tion, all cadavers underwent autopsy, complemented by standard his-
tological and toxicological analyses. The entire investigative process
(postmortem CT examinations, autopsies, and ancillary analyses) was
conducted with authorization from the Judicial Authority.

As for the external test set, whole-body PMCT examinations were
performed using a 128-slice Revolution Gemstone Spectral Imaging CT
scanner (General Electric Medical Systems, USA). Acquisition parame-
ters were set at 120 kV tube voltage, 120 mA tube current, 0.625 mm
slice thickness, and a reconstruction matrix of 512 x 512 pixels. The
same procedures applied in the training set regarding autopsy and
ancillary analyses were consistently adopted for the external validation
cohort.

2.2. Radiomic analysis

CT images were imported into the 3D Slicer platform (v5.4.0) for
liver delineation, which was performed manually by a radiologist. The
resulting DICOM files and RT structure sets, containing both the images
and contours, were then exported and processed using Moddicom, an
open-source, IBSI-compliant radiomic analysis platform developed in R
(v4.3.0) [14,15].

Radiomic features were extracted from two feature families:
morphological and statistical. Second-order features were excluded to
prioritize model interpretability, aligning with the study’s objective.
Morphological features were derived directly from the delineated con-
tours, while an image pre-processing was evaluated for first-order fea-
tures to address variability from differing image acquisition protocols.
This pre-processing pipeline included computing the 1st and 99th per-
centiles of the grey-level histogram within the region of interest (ROI)
and normalizing grey levels to these percentile values. Additionally,
fractal features were calculated following methods outlined by Cusu-
mano et al in previous radiomic studies carried out on rectal cancer
patients [16-18].

For each CT image, a total of 40 features were extracted: 21 statis-
tical, 14 morphological, and 5 fractal features. Due to the considerable
variation in acquisition times across cases, the PMI was divided into 12-
hour intervals. Radiomic features from CT scans acquired within the
same time interval were averaged to minimize variability. Conse-
quently, for each patient, radiomic features representing the liver were
available at 12-hour intervals postmortem.

A binary outcome was assigned to each CT acquisition: 0 for acqui-
sitions from patients who had died within 24 h and 1 for acquisitions
from patients who had died more than 24 h prior.

To assess the distribution of radiomic feature values in relation to the
binary outcome, the Shapiro-Wilk test was applied to evaluate
normality. For univariate analysis, the ability of each feature to predict
the binary outcome was determined using Wilcoxon Mann-Whitney
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(WMW) for non-normally distributed dat, t-test for normally distributed
data [19,20]. A Benjamini-Hochberg (BH) correction was applied to
adjust for multiple comparisons [21].

An additional contour set was generated using an auto-contouring
software (Total Segmentator) to assess the robustness of the radiomic
features that were significant in the univariate analysis with respect to
contour variability [22]. The Intraclass Correlation Coefficient (ICC)
was calculated using a two-way random-effects model with absolute
agreement and single measures, comparing the features extracted from
the two contour sets. Features with an ICC greater than 0.7 were
considered robust to contour variability [23].

A logistic regression model was constructed using the most signifi-
cant radiomic feature identified through univariate analysis. Its pre-
dictive performance was assessed via the area under the receiver
operating characteristic (ROC) curve (AUC) [24,25]. Confidence in-
tervals for the ROC curves were calculated using bootstrap resampling
(2000 iterations). The optimal discriminative threshold was determined
by maximizing the Youden index, with sensitivity and specificity
computed for this threshold. The whole pipeline was reported in Fig. 1 as
scheme.

To explore potential two-variable models, a cross-correlation matrix
was generated, combining all significant features from the univariate
analysis [22]. The ROC curve for the two-variables model was calculated
using the same methodology as the single-variable one.

The robustness of both predictive models was evaluated using a 10-
fold cross-validation repeated 300 times. The two ROC curves were then
compared using DeLong test, which allowed us to identify the best-
performing model to be subjected to external validation.

Applying this logistic model, the probability of PMI occurring before
or after 24 h was calculated for each case in the external test set: pre-
dictions were then dichotomized according to the optimal threshold
derived from the training set, and values of sensitivity, specificity, and
overall accuracy were computed to evaluate the predictive performance
of the model on the external cohort.
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3. Results
3.1. Dataset Overview and univariate analysis

Each subject belonging to the training set underwent an average of
3.4 CT scans (range: 1-16; SD = 3.5), with acquisitions performed at
varying postmortem intervals. The mean PMI across all acquisitions was
31.9 h (range: 3.7-219.3 h; SD = 3.9). The first scan for each subject was
conducted at an average PMI of 16.6 h (range: 3.7-164.2 h; SD = 33.3).

The total training dataset included 173 PMCT acquisitions.
Following averaging across 12-hours time intervals to minimize vari-
ability, the dataset was reduced to 80 acquisitions. Of these, 31 scans
(38.8 %) were performed within 24 h of death, providing a balanced
distribution for subsequent analyses.

For the test set, a total of 80 cases were included, each represented by
a single CT scan: among these, 25 % (20 cases) corresponded to deaths
occurring within 24 h.

Univariate analysis identified four radiomic features as significant
predictors of PMI, with adjusted p-values below 0.05 after applying the
Benjamini-Hochberg correction for multiple comparisons. The most
significant feature was the skewness of the grey-level histogram, with a
p-value of 9.13 x 107%.

Table 1 presents the complete list of significant features identified at
the univariate analysis together with the results of the ICC: all these
features belonging to statistical family and were extracted by the raw
PMCT images.

Table 1

List of the significant features at the univariate analysis in predicting patients
died after 24 h, together with the results of repeatability analysis express in
terms of ICC.

Radiomic feature Adjusted p-value ICC (95 % Confidence Interval)

Skewness 0.0009 0.75 (0.68-0.81)
Kurtosis 0.0031 0.63 (0.53-0.71)
Entropy 0.0313 0.79 (0.70-0.85)
Minimum value 0.0449 0.82 (0.76-0.86)

Volume
Surface
Skewness
Entropy
Kurtosis

Radiomic features extraction

C.

Volume
Surface
Skewness
Entropy
Kurtosis

ea+bX

= 1+ ea+bX

d.

Fig. 1. Pipeline reporting the workflow followed for the methodology of the study: image collection (a), liver segmentation (b), features extraction (c) and model

elaboration (d).
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3.2. Single-variable logistic regression model

The skewness was selected to construct the initial logistic regression
model, based on which the probability P of the cadaver having died
within 24 h was calculated based on the skewness value X:

ea+bX

= 1+ eatbx

where a = — 0.581 + 0.342 and b = — 0.647 + 0.198. Fig. 2 displays
the receiver operating characteristic (ROC) curve for this model, with
confidence intervals represented by dashed lines.

The model achieved an area under the ROC curve (AUC) of 0.75 (95
% CL: 0.65-0.86), with 0.74 + 0.08 at the cross-validation analysis. At
the optimal discriminative threshold (74.9 %), the model demonstrated
a specificity of 100 %, making it highly reliable for identifying deaths
occurring more than 24 h prior. However, the model’s sensitivity was
only 45 %, underscoring its limitations for predicting deaths within 24 h.

3.3. Two-Variable logistic regression model

A cross-correlation matrix (Fig. 3) was calculated to assess re-
lationships among the significant features identified in the univariate
analysis.

The two features with the lowest correlation (R = 0.35), minimum
grey-level value and kurtosis, were selected to construct a two-variables
logistic regression model. This model achieved an AUC of 0.75 (95 % CI:
0.66-0.86), with a specificity of 100 % and a sensitivity of 47 % at the
optimal discriminative threshold: figure 4 reports its ROC curve. Cross-
validation reported an average AUC of 0.75 + 0.07.

The DeLong test comparing the ROC curves of the two models found
no statistically significant difference (p = 0.54).

The best model (single variable) was then subjected to external
validation. At the best discriminative threshold, the model reports an
accuracy of 57 %, confirming an high value of specificity (70 %) and
limited performance in sensitivity (20 %) (Fig. 4).

4. Discussion
This study underscores the potential of liver radiomic features

derived from PMCT for PMI estimation: while radiomic and fractal an-
alyses in PMCT have been previously explored, most existing studies are
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Fig. 2. ROC curve of the logistic regression model based on the skewness.
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Fig. 4. ROC curve of the logistic regression model with two variables.

limited by small sample sizes, reducing their statistical significance
[4,26-28].

The largest study to date, conducted by Klontzas et al., utilized a
machine learning model based on 97 PMCTs and combined 10 radiomic
features from the liver and pancreas to predict deaths occurring within
12 h, achieving an AUC of 0.75 [29].

The strength of the present study lies in achieving comparable pre-
dictive performance (AUC = 0.75) using a single, interpretable radiomic
feature extracted solely from the liver. Although the PMI thresholds
differ between the studies (12 h in [29] versus 24 h in this work), the
development of a single-variable, biologically interpretable model en-
hances its applicability in forensic practice compared to black-box
approaches.

The proposed model relies on the skewness of the grey-level histo-
gram, a feature that quantifies a well-documented postmortem phe-
nomenon: the accumulation of intrahepatic gas. This process, as
described by Takahashi and others [11,30]. alters the distribution of
grey levels within the liver, resulting in a characteristic shift in
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histogram asymmetry. The simplicity and interpretability of the
skewness-based model provide a significant advantage, enabling reli-
able and straightforward predictions of PMI with direct applicability in
forensic investigations.

Fig. 5 illustrates this phenomenon in a subject scanned at 13 h and
33 h postmortem: the increased gas content shifts the liver grey level
histogram towards lower values, with the region in proximity of —1000
intensifying, leading to a more pronounced negative skewness.

When skewness value falls below —2.8, the model reliably identifies
deaths occurring more than 24 h prior, reporting a 100 % of specificity
across this dataset. On the other hand, when the skewness value
exceeded —2.8, the model is unable to predict PMI accurately.

The results of the DeLong test further validated the simplicity and
robustness of this approach, showing no significant difference in per-
formance between the single and two-features model. This suggests that
skewness alone captures the majority of the discriminatory power,
underscoring the importance of selecting radiomic features with strong
biological correlation and minimal redundancy, as also reported in other
radiomic approaches focused on other scopes [31,32].

Another strength of this study is the inclusion of an external vali-
dation cohort, which confirmed the high specificity initially observed in
the training set (100 %), with consistent results also in the test set (70 %)
despite differences in acquisition protocols and the use of a different
center. To the best of our knowledge, this represents one of the first
experience in the forensic radiomic applications including external
validation.

Considering also the external validation, this model, if further vali-
dated across additional centers, could be used in the future to identify
corpses whose death occurred more than 24 h earlier. The model can
only be applied in one direction: if the skewness value in the liver is
below —2.8, then there is a very high probability (70-100 %) that the
person has been dead for more than 24 h. However, if the skewness
value is above this threshold, no reliable prediction can be made

PMI =13 h
Skewness: 0,1

PMI =33,5h
Skewness: -3,8

Physica Medica 138 (2025) 105186

regarding the PMI.

Clearly, this work should be considered a pilot study: the next step
will be to expand it into a multicenter project with harmonized post-
mortem acquisition times and acquisition protocols. Nonetheless, the
consistently high specificity suggests that the calculation of liver skew-
ness may represent a reliable and contour-robust parameter to identify
cadavers with a postmortem interval longer than 24 h.

However, the binary nature of the model restricts its utility in cases
requiring finer temporal resolution: developing continuous models
capable of estimating PMI with higher granularity remains a critical next
step and an area of active research.

Expanding the scope of radiomic analysis beyond the liver may also
improve predictive accuracy, as organs such as the brain or eyes could
offer complementary insights. For example, a recent study analysed
postmortem changes in the eye, including lens dislocation and intraoc-
ular pressure variations, identifying time-dependent processes that
could be leveraged for PMI estimation [33]. While this study was not
radiomic in nature, its findings highlight the potential of the eye as a
target for future radiomic analyses, paving the way towards the use of
multi-organ radiomic approaches to improve overall model
performance.

5. Conclusions

In conclusion, this study demonstrates the potential of a skewness-
based model for PMI estimation, offering a robust, interpretable
approach with excellent specificity for identifying deaths beyond 24 h.
While additional research is needed to address current limitations, these
findings pave the way for the broader application of radiomics in
forensic medicine, providing an objective, non-invasive alternative to
traditional methods.
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Fig. 5. Comparison of two PMCT scans acquired from the same patient at different PMIs. As time progresses, the formation of air bubbles results in significant
alterations in the liver’s grey-level histogram, highlighting changes in tissue composition.
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