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Abstract
Background

Skull fractures are critical indicators of traumatic brain injury (TBI), yet their detection on computed
tomography (CT) scans remains challenging due to overlapping anatomical structures and high
radiologist workload. Though Deep learning models offer automated detection potential their clinical
adoption is limited by opaque decision-making.

Methods

A convolutional neural network (ResNet-50) and a data-efficient vision transformer (DeiT-Tiny) for slice-
level skull fracture classification in CT scans were compared. Axial CT slices from 15 patients (4,914 CT
slices) were collected under ethical approval at the National Hospital, Kandy, Sri Lanka. Preprocessing
included Hounsfield unit windowing and augmentation of fractured slices. Both models were trained with
ImageNet-pretrained weights and evaluated using a patient-level train-validation-test split. Explainability
was assessed using Grad-CAM (ResNet-50) and Attention Rollout (DeiT-Tiny), with quantitative
alignment measured against radiologist-annotated fracture regions.

Results

ResNet-50 achieved superior classification performance (accuracy 0.726, AUC-ROC 0.800, F1-score
0.428) compared to DeiT-Tiny (accuracy 0.673, AUC-ROC 0.746, F1-score 0.384). The AUC difference was
statistically significant (mean difference = 0.054; 95% CI: 0.035-0.074; p < 0.001). DeiT-Tiny
demonstrated marginally better spatial alignment in explainability maps (mean loU 0.021 vs 0.006; mean
Dice 0.041 vs 0.012), though absolute values remained low.

Conclusions

ResNet-50 provides statistically robust classification performance under limited-data conditions, while
DeiT-Tiny offers modest advantages in the spatial coherence of visual explanations. These findings
highlight a trade-off between predictive accuracy and interpretability in deep learning-based clinical
decision support. Future work should focus on multi-centre validation, patient-level classification, and
improved explainability frameworks for small medical imaging datasets.

Background

Traumatic brain injury (TBI) is a leading cause of morbidity, disability, and death worldwide, with
particularly high incidence in low- and middle-income countries where road traffic accidents and falls
predominate [1]. Skull fractures are clinically important markers of TBI severity, frequently associated
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with intracranial haemorrhage and cerebrospinal fluid leak, and their early detection is critical for guiding
triage and treatment decisions [2, 3]. Computed tomography (CT) remains the gold standard for acute
head trauma assessment due to its speed, wide availability, and sensitivity to acute intracranial
pathology [4].

Despite its established role, CT-based fracture detection carries a significant risk of missed or delayed
diagnosis. Reported missed-diagnosis rates for mild TBI vary widely, from approximately 7% for isolated
facial fractures to over 77% in general emergency department populations, depending on injury type,
clinical setting, and radiologist workload [5-8]. Subtle linear fractures, whose appearance can closely
mimic normal anatomical structures such as sutures and vascular grooves, are particularly prone to
oversight [9].

Deep learning, and convolutional neural networks (CNNSs) in particular, has demonstrated strong
performance in medical image analysis across a range of tasks including fracture detection [10].
ResNet-50, with its residual skip-connection architecture, has emerged as a widely adopted baseline for
medical imaging classification [11]. However, CNNs primarily process images in small, localized regions,
making it difficult for them to capture long-distance spatial connections; a capability that may be
relevant for detecting fractures extending across large portions of the skull surface.

Vision Transformers (ViTs), which process images as sequences of patches and model global context
through self-attention mechanisms, represent an alternative paradigm [12]. Data-efficient variants such
as DeiT-Tiny, which incorporates knowledge distillation to reduce data requirements, have extended the
practical applicability of transformers to smaller datasets [13]. Nonetheless, their relative merits for skull
fracture detection under limited-data clinical conditions remain unexplored.

A key barrier to clinical deployment of deep learning models is their lack of interpretability. Explainable Al
(XAl) methods that produce visual saliency maps, such as Gradient-weighted Class Activation Mapping
(Grad-CAM) for CNNs and Attention Rollout for ViTs, offer a means of interrogating model decision-
making and verifying alignment with clinical anatomy [14, 15]. Prior work has highlighted both the
promise and the limitations of these approaches in medical imaging contexts [16].

This study directly addresses the lack of quantitative explainability benchmarks comparing CNNs and
data-efficient Vision Transformers (ViTs) on small clinical datasets by providing a rigorous head-to-head
comparison of ResNet-50 and DeiT-Tiny for slice-level skull fracture classification in CT images, using a
small ethically approved clinical dataset from Sri Lanka. Performance is evaluated across standard
classification metrics with statistical significance testing, and explainability quality is assessed
quantitatively using radiologist-annotated ground truth. To our knowledge, few studies have directly
compared CNN and ViT architectures for skull fracture detection with quantitative explainability
evaluation against radiologist annotations. This study makes four main contributions: (1) a direct
comparison between a CNN (ResNet-50) and a Vision Transformer (DeiT-Tiny), (2) statistical comparison
of model performance, (3) quantitative evaluation of explainability using radiologist annotations and (4)
evaluation on a real-world clinical dataset from Sri Lanka.
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Methods
Ethics and Dataset

Axial CT scan slices were collected from 15 patients presenting with head trauma at the National
Hospital, Kandy, Sri Lanka, following ethical approval from the hospital ethics review committee (Ethical
Clearance No: NHK/ERC/30/2025). All procedures were conducted in compliance with the National
Guidelines for the Establishment and Functioning of Ethical Review Committees in Health Care
Institutions in Sri Lanka (2013). Individual patient consent was waived by the ethics committee as this
was a retrospective analysis of anonymised imaging data.

Image Preprocessing

All CT images were processed from Digital Imaging and Communications in Medicine (DICOM) format
using the PyDICOM library (v3.0.1). Pixel intensities were converted to Hounsfield Units (HU) using
rescale slope and intercept parameters extracted from DICOM headers. A bone window transformation
(window centre: 300 HU; window width: 1,500 HU) was applied to enhance visualisation of cortical bone
structures [17]. Bone window settings were selected because cortical bone structures are most clearly
visualised within this window, facilitating fracture identification.

Images were subsequently normalised to the range [0, 1], resized to 224 x 224 pixels using area
interpolation, and converted to three-channel format by channel replication to ensure compatibility with
ImageNet-pretrained models. For compatibility with ImageNet-pretrained models, input images were
standardised using channel-wise mean and standard deviation values derived from the ImageNet
dataset.

Data Augmentation

To mitigate class imbalance (approximately 2:1 normal-to-fractured ratio) and improve model
generalisation, data augmentation was applied exclusively to fractured slices in the training set.
However, this may introduce distributional differences. Augmentation operations included random
rotation (+ 10°), random brightness and contrast adjustment (factors 0.9-1.1), additive Gaussian noise
(o =5), probabilistic Gaussian blur (3x3 kernel, p = 0.5), and horizontal flipping (p = 0.5). These
transformations were selected to reflect realistic variation in scanner protocols, patient positioning, and
image reconstruction parameters while preserving clinically relevant fracture features. Following
augmentation, the training set contained 5,186 slices with balanced class distribution (2,593 per class).
Augmentation was intentionally restricted to the minority class to alleviate class imbalance while
avoiding unnecessary duplication of majority-class samples.

This strategy was designed to simulate realistic variability in imaging conditions while preserving
clinically relevant fracture features. No augmentation was applied to validation or test data. Partitioning
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was performed at the patient level to prevent data leakage between splits [19]. The 15 patients were
stratified by fracture status and randomly divided into training, validation, and test sets, yielding 3,351
training, 648 validation, and 915 test slices. The test set was held out completely until final evaluation.

Model Architectures

ResNet-50

ResNet-50 [11] was selected as the CNN baseline. Pre-trained ImageNet weights were used for
initialisation. The original 1,000-class output layer was replaced with a classification head comprising
global average pooling, a dropout layer (p = 0.5), and a two-unit fully connected layer with SoftMax
activation. Training proceeded in two phases: the classification head alone was trained for five epochs
(convolutional layers frozen), followed by full fine-tuning with discriminative learning rates (convolutional
layers trained at one-tenth the learning rate of the classification head). ResNet-50 consists of
approximately 25.6 million parameters.

DeiT-Tiny

DeiT-Tiny [13] was selected as the vision transformer model. It comprises 12 transformer encoder layers
with an embedding dimension of 192 and three self-attention heads, totalling approximately 5.7 million
parameters. The model processes input images (224x224) as sequences of 196 non-overlapping 16x16
patches with learnable positional embeddings and a prepended CLS token for classification. The pre-
trained classification layer was replaced with a two-unit output layer. The CLS token is heavily regularised
throughout the network’s depth using mechanisms built into the transformer block, such as Stochastic
Depth or DropPath. An additional dropout layer at the final head is often unnecessary and sometimes
detrimental to ViT s. All parameters were fully fine-tuned, as gradual unfreezing offers less benefit for
transformer architectures [12].

Training Procedure

Both models were optimised using AdamW [22] with binary cross-entropy loss. Architecture-specific
hyperparameters were tuned independently via grid search on the validation set. For ResNet-50, the
optimal configuration was: learning rate = 1x10-4, weight decay = 0.01, batch size = 16, dropout = 0.5. For
DeiT-Tiny: learning rate = 5x10-4, weight decay = 0.05, batch size = 16, attention dropout = 0.1, projection
dropout = 0.1. Cosine annealing learning rate scheduling was applied [22]. Training ran for a maximum of
30 epochs with early stopping triggered by absence of improvement in validation loss for five
consecutive epochs. All experiments were conducted on an NVIDIA Tesla V100 GPU (Google Colab) with
a fixed random seed (42).

Model Evaluation
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Both models were evaluated on the held-out test set (915 slices; 723 normal, 192 fractured).
Classification performance was quantified using accuracy, precision, recall (sensitivity), F1-score, and
area under the receiver operating characteristic curve (AUC-ROC). Bootstrap resampling with 1,000
iterations was used to compute 95% confidence intervals for AUC-ROC. Statistical comparison between
models was performed using McNemar's test for paired binary predictions and a bootstrap-based
permutation test for AUC difference, with a significance threshold of p < 0.05.

Explainability Analysis

Grad-CAM [15] was used to generate saliency maps for ResNet-50 by computing gradients of the
predicted class score with respect to the final convolutional layer's feature maps, then forming a class
activation map by globally averaging those gradients and upsampling to image resolution. For DeiT-Tiny,
Attention Rollout [14] was applied by recursively multiplying attention matrices from all transformer
layers and extracting attention weights at the CLS token, which were then reshaped to a spatial heatmap.

To enable quantitative evaluation of explainability, a consultant radiologist annotated fracture locations
on 30 fractured test slices using rectangular bounding boxes. These annotations were binarized to
produce ground-truth fracture masks. For each model, the corresponding saliency map was thresholded
at the median intensity value as a simple and model-agnostic binarisation strategy; however, alternative
thresholding methods (e.g., Otsu, percentile-based) may yield different alignment results.. Spatial
alignment with the ground-truth mask was computed using Intersection over Union (loU) and Dice
Similarity Coefficient (DSC).

Reporting Standards and Reproducibility
This study was conducted in accordance with emerging reporting recommendations for artificial
intelligence in medical research, including principles from TRIPOD-AI. All methodological steps, including

preprocessing, model configuration, and evaluation procedures, are described to facilitate reproducibility.
Code and implementation details are available from the corresponding author upon reasonable request.

Results

Classification Performance

Performance metrics on the held-out test set are summarised in Table 1. ResNet-50 outperformed DeiT-
Tiny across all evaluated metrics. ResNet-50 achieved an AUC-ROC of 0.800 compared to 0.746 for DeiT-
Tiny, with non-overlapping 95% bootstrap confidence intervals (Table 1), providing an initial indication of
statistically significant separation.
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Table 1

Classification performance of ResNet-50 and DeiT-Tiny on the held-out test set. (Values shown are
mean accuracy, precision, recall, F1-score, and AUC-ROC with 95% confidence intervals.)

Model Accuracy Precision Recall F1-Score AUC-ROC (95% Confidence Interval)
ResNet-50 0.726 0.381 0.490 0.428 0.800 0.765-0.833
DeiT-Tiny 0.673 0.317 0.484 0.384 0.746 0.712-0.780

Despite moderate AUC, both models exhibited moderate recall (~ 0.49 for both), with a tendency toward
false positives, a pattern consistent with the inherent difficulty of distinguishing subtle linear skull
fractures from normal anatomical variants such as sutures and vascular channels. DeiT-Tiny produced a
higher false-positive rate than ResNet-50, resulting in lower specificity. Confusion matrix data for ResNet-
50 (570 true negatives, 94 true positives, 153 false positives, 98 false negatives) and DeiT-Tiny (523 true
negatives, 93 true positives, 200 false positives, 99 false negatives) reflect this pattern (Fig. 1).

Training Dynamics

ResNet-50 converged rapidly, with training loss stabilising below 0.01 and peak validation AUC of
approximately 0.944 achieved at epochs 10—-11, followed by moderate overfitting. DeiT-Tiny
demonstrated a slightly higher peak validation AUC (= 0.967) at epochs 9-11 but exhibited more
pronounced post-peak instability and a sharper decline in validation performance during extended
training, consistent with the greater data requirements of transformer architectures [12, Fig. 2].

Statistical Significance Testing

McNemar's test confirmed a highly significant difference in classification behaviour between the two
models (x? = 14.16; p = 0.00017). Bootstrap-based AUC difference testing yielded a mean AUC difference
of 0.054 (95% CI: 0.035-0.074; p < 0.001), confirming that the performance advantage of ResNet-50 is
statistically robust and unlikely to reflect sampling variation.

Explainability and Spatial Alignment

Quantitative alignment metrics between saliency maps and radiologist-annotated fracture regions are
presented in Table 2 and Fig. 4.

Table 2

Partial alignment of explainability maps with radiologist-annotated
fracture regions. (Mean Intersection over Union [loU] and Dice
Similarity Coefficient [DSC] are reported for ResNet-50 (Grad-CAM)
and DeiT-Tiny (Attention Rollout).)

Model (Method) Mean loU Mean Dice Coefficient
ResNet-50 (Grad-CAM) 0.006 0.012
DeiT-Tiny (Attention Rollout)  0.021 0.041
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DeiT-Tiny demonstrated approximately 3.5-fold higher mean loU and Dice compared to ResNet-50.
However, absolute alignment values were low for both models, which is consistent with the intrinsic
properties of post-hoc explainability methods: Grad-CAM heatmaps and Attention Rollout maps are
smooth, low-resolution visualisations that reflect regions of influence rather than precise fracture
boundaries, making pixel-level overlap with bounding-box annotations an inherently conservative
measure.

Visual inspection of saliency maps (Fig. 3) revealed that both methods frequently directed attention
toward anatomically plausible regions in the vicinity of fracture sites and toward structural boundaries of
the skull vault, suggesting that each model has learned clinically meaningful spatial patterns and
partially align with clinically relevant regions.

Discussion
Key Findings

This study provides the first direct comparison of ResNet-50 and DeiT-Tiny for slice-level skull fracture
detection in CT images under limited-data conditions. Three principal findings emerged: (1) ResNet-50
significantly outperformed DeiT-Tiny across all classification metrics, with a statistically robust
advantage in AUC-ROC; (2) DeiT-Tiny produced explainability maps with modestly better spatial
alignment to radiologist-annotated fracture regions; and (3) absolute alignment scores were low for both
models, underscoring the current limitations of post-hoc explainability methods in medical imaging.

Clinical Implications

The superior classification performance of ResNet-50 reflects the inductive bias of convolutional
architectures toward local spatial features, which is advantageous in small medical datasets [12, 13, 18].
However, the moderate sensitivity (~ 0.49) observed for both models limits their suitability as standalone
diagnostic tools. Instead, these models may serve as assistive systems to flag suspicious slices or
support radiologists in high-volume emergency settings [2, 5, 6]. DeiT-Tiny’s relatively more coherent
attention maps, although not precise enough for localisation, may enhance clinician trust by providing
interpretable visual cues in decision support workflows [16, 23].

Limitations

This study has several limitations that should be acknowledged. First, the dataset comprised only 15
patients from a single clinical site, which restricts the generalisability of the findings across different
scanners, imaging protocols, and patient populations [19]. Second, classification was performed at the
slice level rather than the patient level, which does not fully reflect clinical diagnostic workflows where
radiologists integrate findings across all slices of a scan [24]. Third, fracture regions were annotated
using rectangular bounding boxes rather than pixel-precise masks, which constrained the accuracy of
explainability evaluation and likely underestimated the true spatial alignment of both models. In addition,
computational constraints limited the depth of hyperparameter optimisation, particularly for transformer
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architectures, which may have affected the comparative performance of DeiT-Tiny. Finally, the models
were evaluated only on internal data, and external validation on multi-centre datasets will be necessary
before these approaches can be considered for clinical translation [19].

Future Directions

Future research should prioritise multi-centre data collection to improve generalisability [19], patient-level
classification strategies to better reflect clinical workflows, and pixel-level fracture annotations for more
precise evaluation of explainability [16]. Hybrid architectures that integrate convolutional and
transformer components may help reconcile the observed trade-off between predictive accuracy and
interpretability [25]. In addition, the development of dedicated explainability frameworks tailored to small
medical imaging datasets will be critical for clinical translation [16, 23].

Conclusions

Summary of Findings

This study demonstrates that ResNet-50 provides statistically superior and more reliable skull fracture
classification compared to DeiT-Tiny under limited-data conditions, consistent with its inductive bias
toward local spatial features. In contrast, DeiT-Tiny offered modest advantages in the spatial coherence
of its attention-based explainability maps, though absolute alignment values remained low.

Clinical Relevance

From a clinical perspective, the moderate sensitivity of both models (~ 0.49) constrains their use as
standalone diagnostic tools. Nevertheless, they hold promise as assistive systems to support
radiologists in high-volume trauma settings, where automated flagging of suspicious slices could reduce
missed diagnoses and improve workflow efficiency. The observed performance—-explainability trade-off
underscores the importance of balancing predictive accuracy with interpretability to foster clinician trust
in Al-driven decision support.

Future Outlook

Further research should focus on multi-centre validation, patient-level classification strategies, and
pixel-level fracture annotations to enhance generalisability and localisation accuracy. Hybrid
architectures that integrate convolutional and transformer components may help reconcile the trade-off
between accuracy and interpretability. Dedicated explainability frameworks tailored to small medical
imaging datasets will be essential for safe and effective clinical translation.

Abbreviations

AUC
Area under the receiver operating characteristic curve
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CNN
Convolutional Neural Network

CT

Computed Tomography

DeiT

Data-efficient Image Transformer

DICOM

Digital Imaging and Communications in Medicine
DSC

Dice Similarity Coefficient

Grad-CAM

Gradient-weighted Class Activation Mapping
HU

Hounsfield Unit

loU

Intersection over Union

TBI

Traumatic Brain Injury

ViT

Vision Transformer

XAl

Explainable Artificial Intelligence
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Confusion matrix results for ResNet-50 and DeiT-Tiny on the held-out test set.
(Left: ResNet-50; Right: DeiT-Tiny.)
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Figure 2

Training history for ResNet-50 (left) and DeiT-Tiny (right): training loss (top) and validation AUC (bottom)

over epochs.
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Original ResNet-50 DeiT-Tiny

Figure 3

Representative saliency map comparisons. (Original CT slice [left], ResNet-50 Grad-CAM overlay [centre],
DeiT-Tiny Attention Rollout [right]. Red boxes indicate radiologist-annotated fracture regions.)
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Figure 4

Quantitative explainability evaluation. (Mean Intersection over Union [loU, left] and Dice Similarity
Coefficient [DSC, right] for ResNet-50 and DeiT-Tiny saliency maps compared against radiologist
annotations.)
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