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Abstract

Peritoneal metastasis (PM) is a serious complication of abdomi-
nal malignancies with extremely poor prognosis, where untreated
patients survive approximately 3-6 months. This study aims to de-
velop a deep learning-based model to accurately predict omental
metastasis (OM), one of the most common and clinically important
forms of PM, from preoperative computed tomography (CT) images
to support more objective clinical decision-making.

To this end, this study proposes a Dilated Heatmap Attention
Network (DHAN), a deep learning-based classification model in-
tegrating three key innovations. First, an omentum filter(OMF) is
introduced to automatically remove clinically insignificant slices
based on positional statistics of OM lesions. Second, to address
computational constraints in clinical environments, EfficientNet-
BO is selected as the lightweight backbone (8.4 times smaller and
6.1 times faster than ResNet-50) with dilated convolution to capture
fine-grained lesion features while preserving feature map resolu-
tion. Third, an heatmap attention (HA) is proposed to focus on
anatomically relevant regions based on lesion positional informa-
tion.

At the slice level, DHAN achieved a sensitivity of 0.74, a speci-
ficity of 0.97, an F1-score of 0.76, and an area under the curve (AUC)
of 0.94, demonstrating strong performance compared with existing
image-based diagnostic models. These results suggest the feasibility
of CT-based deep learning for OM detection and provide a basis for
further development toward clinical decision support.
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1 Introduction

Cancer is one of the leading causes of death worldwide. Approxi-
mately 20 million new cancer cases were reported in 2022, with 9.7
million deaths [2]. Peritoneal metastasis (PM) is a common form
of metastasis in abdominal malignancies such as gastric, colorec-
tal, and ovarian cancers, occurring in up to 40% of patients with
metastatic gastric cancer [10]. Early diagnosis of PM is remarkably
low, with most cases detected at advanced stages [17]. Therefore,
early detection and objective diagnostic support can significantly
improve patient prognosis and treatment outcomes, making it clin-
ically crucial.

PM is known as a challenging disease to diagnose, presenting
low sensitivity (~50%) on computed tomography (CT) imaging [10].
This is attributed to the anatomical characteristics and imaging
features of the peritoneum. The peritoneum is a thin membrane
surrounding visceral organs, making it difficult to distinguish from
surrounding adipose tissue on CT images [11]. Furthermore, lesions
appear in diverse locations and morphologies, with inflammatory
changes and malignant tumors often presenting similar imaging
findings. Due to these factors, inter-reader agreement among clini-
cians is low, creating a persistent demand for objective and consis-
tent diagnostic assistance systems [5]. To address these limitations,
statistical approaches combining manually extracted quantitative
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CT features such as tumor size and peritoneal thickness with logis-
tic regression and nomograms have been proposed [3, 8]. However,
these methods rely on manual feature extraction, introducing inter-
observer variability and limiting generalizability.

To overcome these diagnostic challenges, deep learning-based
diagnostic assistance systems have recently been proposed. Deep
learning demonstrates excellent performance in medical image anal-
ysis [1], and several artificial intelligence models for PM diagnosis
have been developed. Wang et al. presented a model combining
DenseNet121 and SVM on CT images from 168 PM patients, where
peritoneal ROIs were manually delineated across three abdomi-
nal regions [15]. Zhang et al. proposed a radiomics-based deep
learning model utilizing PET/CT multimodal data with manual ROI
delineation [16]. Jiang et al. developed PMetNet, a deep learning
model for predicting occult peritoneal metastasis in gastric cancer
from CT images alone, but similarly relied on manual tumor region
delineation [9]. These studies depend on manual ROI delineation,
introducing inter-observer variability. Furthermore, models relying
on additional modality data such as PET require data beyond CT
imaging alone. Motivated by these limitations, this study proposes
a deep learning-based classification model, Dilated Heatmap Atten-
tion Network (DHAN), which integrates automated preprocessing,
a model relying solely on CT images with a lighter and faster back-
bone, and an anatomically informed attention mechanism. The four
key innovations of this study are as follows:

e An omentum filter (OMF) based on positional statistics of
OM lesions from training data is incorporated to automati-
cally remove clinically insignificant slices, thereby enhanc-
ing model learning and improving diagnostic accuracy by
eliminating unnecessary information.

e Dilated convolution with an expanded receptive field is
employed to simultaneously capture fine-grained lesion fea-
tures and broad contextual information while preserving
feature map resolution. To address deployment constraints
in clinical environments, EfficientNet-BO0 is selected as the
backbone (8.4 times smaller and 6.1 times faster in inference
compared to ResNet-50) [14], enabling rapid deployment in
resource-limited settings.

e A heatmap attention mechanism (HA) directs the model
to focus on anatomically relevant regions by generating
a heatmap based on positional information of OM lesions
and integrating it into the feature map, thereby prioritizing
regions where lesions are likely to exist.

o Using real clinical CT data from 288 patients at Seoul St.
Mary’s Hospital, we demonstrate that DHAN achieves an
AUC of 0.94, sensitivity of 0.74, and specificity of 0.97 for
omentum detection, confirming its clinical significance for
real-world deployment.

Through automated preprocessing and anatomically informed
attention, DHAN enables PM diagnosis using only CT images, with-
out requiring manual ROI delineation or additional imaging modal-
ities.

2 Method

The proposed method, DHAN, consists of three components: pre-
processing for meaningful slice selection, dilated convolution with
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an expanded receptive field, and a heatmap attention mechanism
focused on anatomically relevant regions. The overall architecture
is illustrated in Figure 1.

2.1 Preprocessing

Because OM is confined to the abdominal region, it is unnecessary
to use all CT slices for training. In practice, including irrelevant
slices introduces noise that interferes with model training. The
upper and lower ends of a full CT scan contain thoracic and lower-
body regions, providing no meaningful information for abdominal
analysis. Specifically, the slice positions containing OM were an-
alyzed across 100 positive patients in the training data. Because
the total number of slices differs across patients, positions were
normalized to a 0-100% scale. OM lesions were distributed within
the range of 5.7% to 93.9% of the total slices, and all positive OM
cases fell within this range, confirming that no clinically relevant
lesions were excluded. The distribution of these lesion positions is
illustrated in Figure 3.

Rather than relying on fixed anatomical landmarks, this bound-
ary was derived statistically from the actual distribution of lesion
positions in the training data. Visual inspection of this empirically-
derived boundary (5.7%-93.9%) confirmed that it closely corre-
sponded to the actual anatomical boundary between the thoracic
and lower-body regions, indicating that the proposed boundary
is not only automatically derived from data but also anatomically
valid. As shown in Figure 2, these irrelevant regions can therefore
be automatically excluded during preprocessing using the omen-
tum filter (OMF), while clinically relevant slices are retained for
training. Slices outside this range were removed from both the
training and test data, enabling the model to focus on meaningful
diagnostic information. The OMF preprocessing step, demonstrated
in Figure 1 (a), eliminates unnecessary information by including
only clinically relevant slices during training, thereby enhancing
the model’s learning efficiency and reducing training noise.

2.2 Dilated Convolution

Standard convolution has limitations in expanding the receptive
field without increasing the number of parameters. To address
this, blocks four and six of EfficientNet-BO were replaced with
dilated convolution, allowing the receptive field to be expanded
while preserving spatial resolution. As shown in Figure 1 (b), this
architectural modification enables the model to capture fine-grained
lesion features while maintaining high-resolution feature maps.

In the original EfficientNet-B0, the feature map resolution is
reduced to 16 X 16 after passing through these blocks. In contrast,
the proposed model maintains a resolution of 64 X 64, which is 4
times larger in each spatial dimension. Consequently, while each
feature map cell in EfficientNet-B0 covers a 32 X 32 pixel region,
the proposed model observes an 8 X 8 pixel region in detail. This
high-resolution feature map is advantageous for detecting subtle
lesion differences and small lesions.

Dilated convolution is defined as follows:

=

~1K-1
y(i, j) = x(i+d-m, j+d-n)-w(m,n), (1)
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Figure 1: Overall architecture of the proposed DHAN model. The backbone is EfficientNet-B0, combined with dilated convolution

blocks and an HA.

Figure 2: CT slices demonstrating the OMF range. (Left)
Upper-body CT, excluded from both training and evalua-
tion. (Middle) Lower-body CT, excluded from both training
and evaluation. (Right) Middle region slice containing OM
lesions, included in both training and evaluation. Blue high-
lighting indicates the actual OM lesions.

Omentum - Normalized Slice Position Distribution
(n = 1129 slices, 0% = top, 100% = bottom)

—— Median = 42.5%
Mean = 44.5%

Number of Slices

Normalized Slice Position (%)

Figure 3: Distribution of OM lesion positions across 100 pa-
tients, normalized to a 0-100% scale. Lesions are concentrated
between 5.7% and 93.9%.

where i and j are the position indices of the output feature map,
m and n are the position indices within the kernel, d is the dilation
rate, and K is the kernel size. The effective kernel size is defined as
follows:

Kt =K + (K= 1)(d - 1). @)

This enables the receptive field to be expanded without increas-
ing the number of parameters, allowing more effective capture of
fine anatomical structures and small lesions.

2.3 Heatmap Attention Mechanism

As noted above, PM lesions are often difficult to distinguish from
surrounding adipose tissue or inflammatory changes based on imag-
ing features alone. Given this limitation of relying solely on imaging
findings, information regarding the anatomical locations where le-
sions are more likely to occur can serve as a valuable additional cue
for diagnosis. Motivated by this, we propose a heatmap attention
mechanism (HA) that explicitly integrates the spatial distribution
of lesion positions into the high-resolution feature maps obtained
from dilated convolution.

Positional information of OM lesions was collected from 100
positive patients comprising 1,129 lesion-bearing slices in the train-
ing data, and a heatmap was constructed to reflect regions where
lesions frequently appear. The heatmap visualizes the anatomi-
cal distribution of OM lesions in axial CT views, as illustrated in
Figure 4. The resulting heatmap demonstrates that lesions are pre-
dominantly concentrated along the peritoneum, which aligns with
clinical observations that peritoneal metastases frequently occur in
peritoneal-adjacent regions. By integrating this spatial distribution
into the heatmap attention mechanism, the model learns to focus
on peritoneal regions where lesions are most likely to be present
- compensating for the limited discriminative power of imaging
features alone — as demonstrated in Figure 1 (c).

The generated heatmap is passed through a 1 X 1 convolution
applied to the high-resolution feature map to adjust the number
of channels, followed by a sigmoid function to produce attention
scores in the range of 0-1. These scores act as spatial weights that
emphasize lesion-relevant regions.

The final feature map is defined as follows:

F=F+a-AOGF, 3)

where F is the original feature map, A is the attention score, ©
denotes element-wise multiplication, and « is a learnable scaling
parameter. The residual connection allows the model to adaptively
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Figure 4: Axial CT view-based heatmap visualization of OM
lesion distribution. The heatmap was generated by aggregat-
ing positive slices from 100 patients with peritoneal metas-
tasis. Warmer colors (red/yellow) indicate regions with a
higher frequency of OM occurrence, which are primarily
concentrated along the peritoneum. This aligns with clinical
observations that peritoneal metastases are frequently found
along the lateral abdominal regions.

control attention intensity during training, ensuring stable opti-
mization and improved representational flexibility.

3 Experiments
3.1 Dataset

A CT dataset for detecting OM lesions was constructed using data
from patients who visited Seoul St. Mary’s Hospital. A total of 288
patients were retrospectively collected and analyzed, and the data
collection and utilization process was conducted with approval
from the institutional review board (IRB No. KC25RISI0813).

The training and validation sets were constructed using an
80:20 patient-level split, comprising 23,432 slices from 250 patients.
Among these, positive samples consisted of 1,129 slices from 100
patients, and negative samples consisted of 22,303 slices from 150
patients. The test set was composed of completely independent
data from a non-overlapping patient cohort and time period, com-
prising 3,241 slices from 38 patients, of which 373 slices from 19
patients were positive and 2,868 slices from 19 patients were neg-
ative. Negative slices were filtered as described in Section 2.1 to
remove clinically meaningless slices, resulting in a slice imbalance
ratio of approximately 1 : 19 (positive:negative).

For positive patients, only slices containing confirmed OM le-
sions were included, whereas for negative patients, all negative
slices within the filter range were included. The same criteria were
applied consistently to both the training and test sets, ensuring
that the model was trained and evaluated on positive slices from
positive patients and negative slices from negative patients.
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3.2 Experimental Settings

To objectively evaluate the performance of the proposed model, ex-
periments were conducted comparing against five baseline models:
four convolutional neural network (CNN)-based models (ResNet-
50 [6], DenseNet-121 [7], Inception-V3 [13], and MobileNetV2 [12]),
and one transformer-based model (Vision Transformer Tiny (ViT-
Tiny)) [4]. All baseline models were initialized with ImageNet pre-
trained weights and trained under the same conditions as the pro-
posed model, including the same optimizer, learning rate sched-
ule, batch size, data augmentation, OMF-based preprocessing, and
threshold selection strategy. The specific training configuration is
described as follows.

The AdamW optimizer was used with layer-wise differential
learning rates. The backbone learning rate was set to 1 x 107>
to preserve pretrained features, while the learning rates for the
classification head and attention module were set to 1 X 10~%. The
learnable scaling parameter « was configured with a learning rate of
5% 10™* and weight decay of 1x 10~2. Cosine annealing was applied
as the learning rate scheduler, with early stopping (patience of 5)
triggered when the validation loss did not improve for 5 consecutive
epochs, and training was conducted for a maximum of 30 epochs.
To address the class imbalance (approximately 1 : 19), mini-batches
were constructed using WeightedRandomSampler, and focal loss
(a = 0.5, y = 2.0) was employed as the loss function. The batch size
was set to 32 and the input image resolution was 512 X 512 pixels.
Data augmentation was applied only during training, including
random horizontal flipping, rotation of +10 degrees, and color jitter
(brightness and contrast +0.1).

Conventional CT-based diagnosis for OM achieves a sensitiv-
ity of only approximately 50% [10]. While higher sensitivity is
desirable, increasing sensitivity inevitably reduces specificity due
to the inherent trade-off between the two metrics. Therefore, a
minimum sensitivity of 0.6 was set as a constraint for threshold
selection, as it sufficiently exceeds conventional CT performance
while maintaining clinically acceptable specificity. The optimal
slice-level threshold was determined as the value that maximized
the F1-score on the validation set subject to this constraint, and the
same threshold was applied to the test set.

We additionally evaluated all models at the patient level. For
each patient, the maximum predicted probability across all slices
within the OMF range was used as the patient-level score, and a
separate patient-level threshold was determined on the validation
set using the same criterion and applied unchanged to the test set.
The same procedure was applied to all baseline models.

4 Results
4.1 Slice-Level OM Detection Performance

To evaluate the OM detection performance of our proposed model,
we compared it against several baseline algorithms. The perfor-
mance metrics are presented in Table 1, where bold indicates the
best performance, underline indicates the second-best performance,
and improvement represents the percentage gain of the best per-
formance over the second-best.

DHAN achieved the best performance across all metrics except
specificity, recording an F1-score of 0.76 and an AUC of 0.94, out-
performing the second-best model ResNet-50 by 3.48% in F1-score
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Table 1: Slice-level performance comparison with baseline
models.

Sensitivity ~Specificity F1 Score =~ AUC

ResNet-50 0.5979 0.9972 0.7384 0.9214
DenseNet-121 0.6649 0.9791 0.7283 0.8993
Inception-V3 0.4850 0.9850 0.6090  0.8532
MobileNetV2 0.4210 0.9990 0.5030 0.8406
ViT-Tiny 0.4799 0.9843 0.5997 0.9122
DHAN (Ours) 0.7426 0.9738 0.7641 0.9443
Improvement +11.69% - +3.48%  +2.49%
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Figure 5: Slice-level ROC curves on the test set. DHAN (AUC
= 0.94) outperforms all baseline models.

and 2.49% in AUC. Although MobileNetV2 achieved the highest
specificity of 0.99, it suffers from critically low sensitivity of 0.42,
failing to detect positive lesions effectively. Similarly, Inception-V3
achieves high specificity of 0.98 but has low sensitivity of 0.48. In
contrast, DHAN achieves a clinically balanced performance with
sensitivity of 0.74 and specificity of 0.97, successfully avoiding both
missing lesions and generating excessive false positives.

The superior balance between sensitivity and specificity achieved
by DHAN is clearly illustrated in the ROC curve presented in Fig-
ure 5. The dark blue solid line representing DHAN is positioned
closest to the upper-left corner, indicating optimal performance
across both metrics.

Grad-CAM visualizations demonstrate that DHAN not only
achieves superior quantitative performance but also provides strong
interpretability. Grad-CAM activation maps highlight the image
regions that contribute most to the model’s lesion detection predic-
tions, clearly revealing the basis for the model’s decisions. Warmer
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Figure 6: Grad-CAM visualization of DHAN demonstrating
model interpretability on five test cases. (Top) CT images with
ground truth OM lesion locations marked in blue. (Bottom)
Grad-CAM heatmaps highlighting the image regions that
contribute most to the model’s lesion detection predictions.

Table 2: Slice-level ablation study results. Dilated convolution
is fixed across all models, while OMF and HA are progres-
sively added.

Model Sensitivity  Specificity F1 Score  AUC
EfficientNet-B0 0.4794 0.9842 0.5027  0.8728
+ OMF 0.8097 0.9268 0.6825 0.9161
+HA 0.6020 0.9708 0.5204 0.8945
+ OMF + HA (DHAN, Ours) 0.7426 0.9738 0.7641  0.9443
Improvement +11.69% - +11.96%  +3.07%

colors (red/yellow) indicate regions showing high activation in le-
sion detection, while cooler colors (blue) indicate regions showing
low activation. As shown in Figure 6, the regions of high activa-
tion in the Grad-CAM maps align well with the ground truth OM
lesion locations, confirming that the model focuses on clinically
relevant anatomical structures. This visualization, distinct from
the preprocessing heatmap that identifies anatomically relevant
regions, enhances clinical trustworthiness and provides practical
value as a diagnostic assistance tool.

4.2 Ablation Study

To evaluate the effectiveness of each proposed component, addi-
tional experiments were conducted. Dilated convolution was main-
tained as a fixed component across all models, while the OMF and
HA were progressively added to EfficientNet-B0 to isolate the effect
of each innovation. The Ablation Study results are presented in
Table 2.

DHAN achieved an F1-score of 0.76 and an AUC of 0.94, demon-
strating that the combination of all proposed components yields
superior performance. Compared to the second-best configuration
(EfficientNet-B0 + OMF), DHAN achieved a relative improvement
of 11.96% in F1-score and 3.07% in AUC.

In terms of sensitivity and specificity, DHAN demonstrates a
clinically balanced performance. EfficientNet-B0 + OMF achieves
the highest sensitivity of 0.81 but suffers from reduced specificity
of 0.93, resulting in increased false positives.

Conversely, the baseline model (EfficientNet-B0) achieves the
highest specificity of 0.98 but has critically low sensitivity of 0.48,
failing to detect positive lesions effectively. DHAN ranks second
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Figure 7: Model efficiency: AUC performance versus number
of parameters. Bubble size represents FLOPs. DHAN achieves
the highest AUC with competitive parameter efficiency.

in both metrics with a sensitivity of 0.74 and a specificity of 0.97,
achieving an optimal balance that avoids missing lesions while min-
imizing unnecessary clinical interventions due to false positives.
Therefore, DHAN achieves the best F1-score and AUC while main-
taining clinically acceptable sensitivity and specificity. The ablation
study validates that both OMF and HA are essential components,
and their combination with dilated convolution leads to the overall
performance improvement observed in DHAN.

4.3 Model Efficiency Analysis

To evaluate the parameter efficiency and computational perfor-
mance of DHAN, we compared the AUC and parameter count
across all baseline models. The efficiency analysis results are illus-
trated in Figure 7.

DHAN achieved the highest AUC of 0.94 with approximately 5
million parameters. In contrast, ResNet-50, despite approximately
25 million parameters, achieved an AUC of only 0.92. Other light-
weight models such as MobileNetV2 and ViT-Tiny, despite having
comparable or even fewer parameters, achieved significantly lower
AUC performance (0.84 and 0.91, respectively), demonstrating the
challenge of balancing parameter efficiency with diagnostic per-
formance. DHAN uniquely achieves this optimal balance, simul-
taneously attaining superior AUC performance with competitive
parameter efficiency. These results present a practical solution that
can be deployed even in resource-constrained clinical environments
without compromising diagnostic accuracy.

4.4 Patient-Level OM Detection Performance

To further assess performance at the level of clinical decision-
making, we additionally evaluated all models on a per-patient basis.
The results are presented in Table 3, following the same slice inclu-
sion criterion as the slice-level setting, in which only lesion-bearing
slices were used for positive patients. DHAN achieved the highest
patient-level AUC of 0.875, while maintaining a balanced sensitivity
of 0.737 and specificity of 0.895.
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Table 3: Patient-level performance comparison with baseline
models.

Sensitivity ~ Specificity F1 Score AUC

ResNet-50 0.737 0.947 0.824  0.859
DenseNet-121 0.842 0.579 0.744  0.812
Inception-V3 0.632 0.842 0.706  0.729
MobileNetV2 0.737 0.632 0.700  0.751
ViT-Tiny 0.526 0.895 0.645  0.798
DHAN (Ours)  0.737 0.895 0.800  0.875

5 Conclusion

This study proposed DHAN, a lightweight deep learning model
for OM detection from preoperative CT images, integrating three
key components: omentum filter (OMF), dilated convolution, and
heatmap attention (HA).

OMF quantified the clinically meaningful slice range (5.7% to
93.9%) through statistical analysis of 100 patients, reducing learn-
ing noise caused by irrelevant information. Dilated convolution
expanded the receptive field without increasing the number of pa-
rameters, improving feature map resolution by a factor of 4 and
enabling the capture of fine-grained lesion features. HA directly
integrated anatomical positional information of lesions into the
model, guiding it to focus on diagnostically relevant regions. These
three components work synergistically to enable accurate and ef-
ficient OM detection from CT images alone, without relying on
manual annotation or additional imaging modalities.

The proposed model achieved a sensitivity of 0.74, specificity of
0.97, F1-score of 0.76, and AUC of 0.94, outperforming all baseline
models. Compared to ResNet-50, sensitivity improved by a rela-
tive 11.69% and AUC by 2.49%, and the ablation study confirmed
the necessity of all proposed components. In particular, achieving
competitive performance with approximately 5 million parameters
suggests practical potential for deployment in resource-constrained
clinical environments. These results demonstrate the feasibility of
CT-based deep learning for OM detection and provide a foundation
for extending the approach toward clinical deployment.

6 Discussion and Future Work

This study was designed as the first stage of a staged approach,
establishing the model’s ability to discriminate lesion-bearing slices
before extending to the full-volume setting. Accordingly, several
limitations must be acknowledged to guide future development.

The training data consists exclusively of positive slices from
positive patients and negative slices from negative patients. As a
result, the model does not encounter negative slices within positive
patients during training. In clinical practice, however, all slices from
positive patients must be reviewed, including both lesion-bearing
and lesion-free regions within the same patient. This discrepancy
between the training distribution and clinical evaluation scenarios
may affect the model’s ability to generalize to diverse anatomical
contexts within positive patient cohorts.

As a preliminary investigation toward the full-volume setting,
we fine-tuned the model after incorporating lesion-free slices from
positive patients, and observed a decrease in performance relative
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to the controlled setting. Because the model architecture and train-
ing were established under the setting that uses only lesion-bearing
slices from positive patients, the subsequent addition of a large num-
ber of lesion-free slices aggravated the class imbalance and shifted
the data distribution away from the one the model was optimized
for. These results indicate that simple fine-tuning is insufficient
and that dedicated training strategies are required to address this
setting.

The present study therefore focuses on establishing feasibility
under this controlled setting, and extending the evaluation to the
full-volume scenario is left as the central objective of ongoing
follow-up work.

Additionally, the optimal threshold identified on the validation
set may require fine-tuning when applied to different patient pop-
ulations with varying imaging protocols. Furthermore, since this
study was conducted using data from a single institution, the gen-
eralizability of the proposed model to diverse patient populations
and scanner configurations has not been fully validated. These
limitations suggest that future work should focus on training strate-
gies and external validation that better reflect real-world clinical
deployment scenarios.

To address these limitations, two primary future research direc-
tions are proposed. First, explicitly incorporating negative slices
from positive patients into training would allow the model to learn
the overall anatomical characteristics of positive patients, enabling
training under conditions more consistent with real clinical settings.
In particular, applying techniques such as hard negative mining
or contrastive learning to prioritize difficult samples with lesion-
like features would substantially improve model robustness and
generalization ability. Second, external validation on datasets from
multiple institutions with varying imaging protocols is necessary
to assess the generalizability of the proposed model. Validating
performance across diverse patient populations and scanner con-
figurations would be an essential step toward clinical deployment.
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