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Abstract 

With the increasing use of postmortem imaging, deep learning (DL)-based automated analysis may 

assist in detecting intracranial hemorrhages. However, limited postmortem data complicate model 

training. This study aims to assess the accuracy of DL models in detecting intracranial hemorrhages 

in postmortem head computed tomography (CT) scans using transfer learning. 75,000 labeled head 

CT images from the Radiological Society of North America Intracranial Hemorrhage Detection 

Challenge serve as training data for 15 DL models. Each model is fine-tuned via transfer learning. A 

total of 124 postmortem cases with hemorrhage status confirmed by autopsy serve as the external test 

set. The model performance is evaluated using the area under the receiver operating characteristic 

curve (AUC), sensitivity, specificity, training time, inference time, and number of parameters. 

Spearman’s rank correlation coefficients are calculated for these metrics. DenseNet201 achieves the 

highest AUC (0.907), with the AUCs of the 15 models ranging from 0.862 to 0.907. Longer inference 

time moderately correlates with higher AUC (Spearman’s ρ = 0.586, p = 0.022), whereas the number 

of parameters is not positively correlated with performance (ρ = -0.472, p = 0.076). The sensitivity and 

specificity are 0.906 and 0.986, respectively. Transfer learning using a large non-postmortem dataset 

enables accurate intracranial hemorrhage detection on postmortem CT, potentially reducing autopsy 

workload. The results demonstrate that models with fewer parameters often perform comparably to 

more complex models, emphasizing the need to balance accuracy with computational efficiency. 

Keywords: deep learning; postmortem imaging; intracranial hemorrhage; transfer learning; forensic 

radiology 

 

1. Introduction 

In recent years, postmortem imaging techniques such as computed tomography (CT) and 

magnetic resonance imaging (MRI) have been increasingly used to investigate causes of death [1]. 

These noninvasive methods play an essential role in cases involving suspicious deaths, suspected 

abuse, or potential medical malpractice. The primary advantages of postmortem imaging include the 

ability to examine the body without dissection and the relative ease of obtaining consent from the 

family of the deceased compared with traditional autopsy. Additionally, using imaging as a 

preliminary screening tool can help reduce unnecessary autopsies [2]. However, limitations remain, 
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such as lower diagnostic accuracy compared to autopsy and challenges in diagnosing certain 

conditions, such as pulmonary embolism [2]. 

Artificial intelligence (AI) technologies, particularly deep learning (DL), have been widely 

adopted across various fields, from object recognition to conversational AI, and are becoming 

indispensable in daily life. Research on the application of image processing and DL to the 

interpretation of medical images, including CT and MRI, has become increasingly active, with 

progress being made in the field of medical imaging [3–5]. DL-based support for image diagnosis has 

the potential to improve the efficiency of interpretation tasks of radiologists, enhance diagnostic 

accuracy, and reduce the risk of oversight [6–8]. In particular, postmortem imaging is often conducted 

by nonspecialists in radiology; thus, applying DL to postmortem imaging could improve diagnostic 

performance and reduce both labor and costs. 

To build a reliable DL model, collecting a substantial amount of high-quality labeled data is 

essential [9]. However, the number of postmortem imaging cases is significantly lower than that of 

standard CT and MRI scans, leading to insufficient data for training DL models. To address this issue, 

this study aims to overcome the data scarcity problem by using publicly available datasets of non-

postmortem medical images for training. 

Different DL models have different structures and parameters. For practical implementation, it 

is crucial to optimize the predictive accuracy and reduce costs. Therefore, this study evaluates the 

efficiency of different models by comparing their accuracy, training time, inference time, and number 

of parameters. 

This study aims to construct a model that can accurately detect intracranial hemorrhages in 

postmortem imaging, where data are limited, by employing transfer learning. By comparing 

diagnostic accuracy and computational costs, this study aims to provide insights into the 

effectiveness of DL in postmortem imaging. 

2. Materials and Methods 

This study conformed to the Declaration of Helsinki and the Ethical Guidelines for Medical and 

Health Research Involving Human Subjects in Japan. This study was approved by the institutional 

review board and conducted according to the guidelines of the committee (approval number: 

B200131). The requirement for informed consent was waived owing to the retrospective design of the 

study. 

2.1. Postmortem Imaging Dataset 

From cases autopsied at a university of legal medicine between January 1, 2011, and December 

31, 2020, 224 cases were selected, in which detailed autopsy records were available and radiographic 

images provided by investigative or medical institutions were accessible. Among these, 124 cases 

with axial head CT images captured after the estimated time of death were used as the test dataset. 

Of the 124 patients, 98 were male and 26 were female, aged between 0 and 97 years, with an average 

age of 58 years. Head hemorrhages were observed during conventional autopsy in 59 patients (48%). 

2.2. Non-Postmortem Imaging Dataset 

To train the DL model for intracranial hemorrhage detection, the RSNA Intracranial 

Hemorrhage Detection Challenge Dataset (RSNA2019 Dataset) [10], published by the Radiological 

Society of North America (RSNA), was used as the training dataset. This dataset includes over 75,000 

head CT axial slice images, each labeled with six types of hemorrhage: five specific types (epidural, 

intraparenchymal, intraventricular, subarachnoid, and subdural) and a label indicating the presence 

of any hemorrhage (any). The dataset was randomly divided into training (80%) and validation (20%) 

datasets. The latter dataset was used for early termination. Multiple DL models available in the 

pytorch-image-models (timm) [11] were fine-tuned. The label indicating any hemorrhage (any) was 

used as the ground truth for the DL models. 
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2.3. DL Models 

15 DL models were selected from the timm library. Table 1 lists the models, their release dates, 

and the number of parameters. A classification head was added to each model to enable the output 

to indicate the presence or absence of an intracranial hemorrhage. Figure 1 illustrates a representative 

DL model. 

Table 1. Comparison of Parameter Counts and Release Dates. 

Model Parameter  Date 

densenet201 (12) 1.81×107 25-Aug-16 

dm_nfnet_f0 (13) 6.84×107 11-Feb-21 

efficientnet_b2 (14) 7.71×106 28-May-19 

efficientnetv2_rw_m (15) 5.11×107 01-Apr-21 

efficientnetv2_rw_s (15) 2.22×107 01-Apr-21 

mobilenetv3_rw (16) 4.21×106 06-May-19 

resnetv2_101x1_bitm (17) 4.25×107 16-Mar-16 

resnetv2_101x1_bitm_in21k (17) 4.25×107 16-Mar-16 

resnext101_32x8d (18) 8.68×107 16-Nov-16 

resnext101_64x4d (18) 8.14×107 16-Nov-16 

swin_large_patch4_window7_224 (19) 6.23×106 25-May-21 

vgg16 (20) 1.34×108 04-Sep-14 

vgg16_bn (20) 1.34×108 04-Sep-14 

vit_base_patch32_224 (21) 8.74×107 22-Oct-20 

vit_large_patch16_224 (21) 3.03×108 20-Oct-20 
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Figure 1. Overview of DenseNet 201. 

2.3.1. Image Processing Steps for Each Case 

Head CT images from the Digital Imaging and Communications in Medicine files were first 

loaded for each case. The original images were then adjusted to three different window settings [10], 

resized to 256×256 (or 224×224), and converted into arrays of size 3×256×256 (or 3×224×224). The 

hyperparameters were fixed as follows: Adam optimizer, learning rate of 2×10-5, batch size of 32, and 

early training termination. All the models were trained using identical hyperparameters. 

2.3.2. Inference on Postmortem Images 

A test dataset consisting of postmortem images was used to evaluate the fine-tuned DL models 

from the timm library. The ground truth was defined based on the presence or absence of a forensic 

intracranial hemorrhage. For each axial slice, the model, pretrained via transfer learning, calculated 

a probability indicating whether any type of hemorrhage (any) was present. Among these slices, the 

highest probability was then considered the “hemorrhage score” for that case. This score was 

compared with the ground truth labels for evaluation. 
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2.3.3. Evaluation Methods 

Following training, the validation loss was calculated and the total training time was recorded. 

The inference time for the test set was measured. Subsequently, based on the hemorrhage score 

generated by the DL model and the presence or absence of a hemorrhage determined by autopsy, a 

Receiver Operating Characteristic (ROC) curve was created for patient-based evaluation and the Area 

Under the ROC Curve (ROC AUC) was computed. Furthermore, the Youden index was used to 

determine a threshold value and the sensitivity and specificity at that threshold were then calculated. 

2.3.4. Statistical Analysis 

To investigate the relationships between the four metrics (ROC AUC, training time, inference 

time, and number of parameters), Spearman’s rank correlation coefficients were calculated. Scatter 

plots were created for each pairwise combination of the metrics. 

2.3.5. Reader Study by a Radiology Resident 

To provide a human benchmark, a fourth-year radiology resident independently reviewed the 

same postmortem head CT test set used for model evaluation. Cases were anonymized and presented 

in random order. The reader was blinded to autopsy findings, clinical information, and all model 

outputs. For each case, the reader assigned a five-point likelihood score for the presence of any 

intracranial hemorrhage (1 = definitely absent, 2 = probably absent, 3 = indeterminate, 4 = probably 

present, and 5 = definitely present). Using these ordinal scores and the autopsy-based reference 

standard, a patient-level ROC curve was constructed and the ROC AUC was computed. For 

comparability with the DL models, an optimal cutoff was determined using the Youden index and 

the sensitivity and specificity at that threshold were calculated. 

3. Results 

Table 2 lists the training and inference times, ROC AUC, sensitivity, and specificity determined 

using the Youden index for each model. The training time ranged from approximately 4×104 to 

1.75×105 s, while the inference time ranged from approximately 100 to 200 s. Overall, the ROC AUC 

values were in the high 80–90% range, with the highest value being 90.7% for DenseNet201. 

Table 2. Performance Metrics Comparison. 

Model ROC AUC 
Training time 

(sec) 

Predicting time 

(sec) 
Parameter Sensitivity Specificity 

densenet201 0.907 5.43×104 193 1.81×107 0.828 0.871 

dm_nfnet_f0 0.883 4.90×104 139 6.84×107 0.828 0.814 

efficientnet_b2 0.881 4.13×104 120 7.71×106 0.859 0.814 

efficientnetv2_rw_m 0.883 6.80×104 194 5.11×107 0.703 0.957 

efficientnetv2_rw_s 0.873 4.48×104 151 2.22×107 0.672 0.986 

mobilenetv3_rw 0.870 5.64×104 95 4.21×106 0.656 0.957 

resnetv2_101x1_bitm 0.895 4.83×104 153 4.25×107 0.734 0.957 

resnetv2_101x1_bitm_in21k 0.884 4.82×104 154 4.25×107 0.781 0.886 

resnext101_32x8d 0.876 8.89×104 176 8.68×107 0.750 0.886 

resnext101_64x4d 0.873 1.61×105 197 8.14×107 0.734 0.843 

swin_large_patch4_window7

_224 
0.892 1.41×105 170 6.23×106 0.906 0.700 

vgg16 0.870 5.10×104 103 1.34×108 0.750 0.900 

vgg16_bn 0.862 4.72×104 104 1.34×108 0.750 0.871 

vit_base_patch32_224 0.872 4.67×104 105 8.74×107 0.750 0.871 

vit_base_patch16_224 0.879 1.75×105 167 3.03×108 0.672 0.929 

Radiology Resident 0.810    0.600 1.000 
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Figure 2 shows the relationship between the number of parameters and the ROC AUC. The 

Spearman’s rank correlation coefficient between the ROC AUC and the number of parameters was -

0.472. Owing to the limited number of models (n=15), p=0.076, indicating no statistically significant 

correlation. Although models with a larger number of parameters are generally thought to be more 

complex and perform better, a negative correlation was observed in this study. 

 

Figure 2. Relationship between ROC AUC and Number of Parameters. 

Figure 3 shows the relationship between the inference time and the ROC AUC. The Spearman’s 

rank correlation coefficient was 0.586 (p=0.022). These results are indicative of a moderate positive 

correlation between the ROC AUC and inference time. 

 

Figure 3. Relationship between ROC AUC and Inference Time. 
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Figure 4 shows the relationship between the training time and inference time. The Spearman’s 

rank correlation coefficient between the training time and inference time was 0.579 (p=0.024), 

suggesting a moderate positive correlation. Therefore, the models requiring longer training times 

tended to exhibit longer inference times. Meanwhile, the correlation coefficients for the other pairs 

(ROC AUC vs. training time, training time vs. number of parameters, and inference time vs. number 

of parameters) were 0.129, 0.144, and -0.038, respectively. None of these relationships were 

statistically significant. On the same test set, the radiology resident achieved an ROC AUC of 0.810, 

which was lower than the range observed for the DL models (0.862–0.907). 

 

Figure 4. Relationship between Training Time and Inference Time. 

4. Discussion 

In this study, transfer learning was performed on 15 different DL models using head CT images 

from non-postmortem CT examinations as training data. The resulting trained models were 

evaluated using postmortem head CT images as an external validation dataset. When conducting 

binary classification (presence or absence of a hemorrhage) on a patient basis, the ROC AUCs of the 

15 DL models ranged from 0.862 to 0.907. Among the models, DenseNet201 performed the best, 

attaining an ROC AUC of 90.7%. A moderate negative correlation was observed between the ROC 

AUC and the number of parameters, whereas a moderate positive correlation was observed between 

the ROC AUC and inference time, as well as between training time and inference time. Notably, when 

benchmarked against a radiology resident who reviewed the same cases, all DL models achieved 

higher patient-level ROC AUCs (0.862–0.907) than the resident (0.810), indicating trainee-level or 

better performance on this dataset. 

Although numerous studies have compared the performance of multiple models using general 

image datasets, such as ImageNet, most medical imaging studies have only compared a limited 

number of models. The strength of this study lies in the comparison of 15 different models under 

identical conditions. Along with model performance, the inference time, which is often a critical 

factor in practical applications, was also considered. The results demonstrated a negative correlation 

between the ROC AUC and the number of parameters, and positive correlations between the ROC 

AUC and inference time and between the training time and inference time. 
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In addition, a uniform batch size and learning rate were maintained across all models, which 

represents a major contribution of this study. The correlations observed between the ROC AUC and 

number of parameters, as well as between the ROC AUC and inference time, may be useful for model 

selection. However, it is important to note that the hyperparameters employed here may not be 

optimal for each model, and the results may change with more fine-tuned adjustments. 

The new-generation Transformer-based models used in this study, specifically ViT and Swin, 

are relatively new architectures. Although they tend to have fewer parameters, their structures are 

more complex, often resulting in higher computational requirements. This complexity may partially 

explain the negative correlation between the number of parameters and ROC AUC. 

In this study, the best DL model achieved an ROC AUC of 90.7%. As cranial processing for 

autopsy is highly labor-intensive, the findings of this study suggest that combining postmortem 

imaging with DL models could potentially reduce the workload of forensic pathologists. This human 

benchmark comparison suggests that, even under domain shift to postmortem imaging, the models 

perform favorably relative to a trainee reader, supporting their potential as decision-support tools in 

forensic workflows. 

The training dataset used in this study consisted of head CT images from living patients; 

therefore, the model did not consider the characteristic changes of normal findings or hemorrhages 

commonly observed in postmortem CT images. To further improve accuracy, it is necessary to train 

the model using actual postmortem imaging data. 

This study had several limitations. First, the number of training cases was small and the resulting 

accuracy may be insufficient for clinical applications. Furthermore, only a single-center external 

validation was conducted, and further validation at additional institutions is required. Our training 

focused exclusively on intracranial hemorrhages and thus did not include conditions such as cerebral 

infarction [22], other intracranial pathologies, or pathologies in other organs [7]. Finally, the reader 

comparison involved a single radiology resident; performance relative to board-certified radiologists 

and inter-reader variability were not assessed. 

5. Conclusions 

In conclusion, this study developed a model that exhibited relatively high accuracy in 

discriminating intracranial hemorrhages on postmortem head CT scans using transfer learning. This 

study compared 15 different DL models using real clinical data, and the results can assist in guiding 

model selection in the application of AI in healthcare. To improve the ROC AUC further, more 

extensive training data are required, including the integration of datasets from multiple medical 

institutions and an increased number of postmortem CT cases. In addition, a more comprehensive 

model is required for actual applications in postmortem imaging. 
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