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Abstract
Background

In this study, we aimed to develop and evaluate an artificial intelligence-based diagnostic model for the
diagnosis of acute cholecystitis (AC) using non-contrast CT images and clinical data.

Methods

This retrospective study included 197 patients (100 AC, 97 non-AC) treated between January 2016 and
December 2025 at a single center. Patients were randomly divided into training (n = 139) and test (n = 58)
datasets. Three models were constructed: an imaging-based deep learning model, a clinical data-based
machine learning model, and a hybrid machine learning model integrating deep learning-derived imaging
features with clinical data. CT images were preprocessed, and gallbladder regions were segmented.
Clinical variables included white blood cell counts and levels of C-reactive protein and liver function
markers. Model performance was evaluated using accuracy, precision, recall, specificity, F1 score, and
area under the receiver operating characteristic curve (AUC). Statistical comparisons were performed
using Welch's t-test and Chi-square test.

Results

The imaging-based model achieved accuracy 0.741, precision 0.703, recall 0.867, specificity 0.607, F1
score 0.776, and AUC 0.863. The blood-based model achieved accuracy 0.914, precision 0.931, recall
0.900, specificity 0.929, F1 score 0.915, and AUC 0.946. The hybrid model showed the highest
performance, with accuracy 0.931, precision 0.882, recall 1.000, specificity 0.857, F1 score 0.938, and
AUC 0.996.

Conclusions

A hybrid model integrating CT imaging and clinical data improved diagnostic performance for AC
compared with single-modality models.

Background

Acute cholecystitis (AC) is a leading cause of acute abdomen in emergency departments, accounting for
3-10% of patients presenting with abdominal pain 2. Rapid progression can lead to severe
complications, such as gangrenous cholecystitis, perforation, abscess formation, and sepsis,

necessitating early diagnosis and immediate therapeutic decision-making 3. The Tokyo Guidelines 2018
provide a widely accepted framework for diagnosis and severity grading by integrating local signs,
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systemic inflammation, and imaging features '. Although the Tokyo Guidelines demonstrate high
diagnostic performance, their application still requires appropriate assessment and interpretation of
these findings, particularly imaging findings. In emergency care settings, patients with AC are often
initially evaluated by junior physicians, emergency physicians, or clinicians without specialized expertise
in hepatobiliary disease. In such situations, particularly when immediate consultation with a radiologist
or hepatobiliary specialist is not available, objective support for integrating clinical, laboratory, and
imaging findings may facilitate initial assessment and triage.

Ultrasonography is an established first-line imaging modality for patients with suspected acute
cholecystitis because of its non-invasive nature, accessibility, and real-time utility 4 However, its
diagnostic performance may be affected by examiner experience and technical factors, such as patient
body habitus and overlying bowel gas °. CT provides complementary and comprehensive evaluation,
particularly when ultrasonography is inconclusive or technically limited, when complications are
suspected, or when alternative causes of acute abdominal pain need to be assessed °. Recent studies
have indicated that CT has diagnostic performance comparable to that of ultrasonography, with a
sensitivity and specificity of 83.9% and 94.0%, respectively, compared to 79.0% and 93.6% for
ultrasonography .

Although non-contrast CT is not the preferred initial imaging modality for patients with a specific clinical
suspicion of AC, it may already have been obtained during the evaluation of nonspecific abdominal pain
or may be selected when contrast-enhanced CT is unsuitable. Non-contrast CT can provide valuable
information regarding gallbladder morphology and pericholecystic changes. Because some imaging
findings may be subtle or overlap with noninflammatory conditions, integration with routinely available

laboratory data may enhance the diagnostic information obtained from non-contrast CT ®2.

Recent advances in artificial intelligence, particularly with deep learning-based models, have shown
significant potential in medical image analysis by extracting subtle features that are not easily
detectable by humans °~'3. In acute abdominal imaging, artificial intelligence, including deep learning
approaches, can improve diagnostic accuracy, reduce interpretation time, and support triage '*. Deep
learning-based models using ultrasonographic images have also been reported for the diagnosis of
acute cholecystitis, suggesting the potential of artificial intelligence-assisted imaging assessment in this
clinical setting '°. CT provides quantitative attenuation information and cross-sectional anatomical data,
making it another promising modality for artificial intelligence-based image analysis ®'7. In particular,
recent approaches that decompose Hounsfield units (HU) into three RGB channels for model input have
been shown to improve the predictive performance of CT-based analyses '8. Furthermore, the clinical
diagnosis of AC routinely incorporates laboratory data, such as elevated levels of inflammatory markers,
suggesting that a multimodal approach integrating imaging with clinical metadata may further enhance
diagnostic performance.
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Because the imaging component of the Tokyo Guidelines may require expertise that is not always
available at the point of initial assessment, we asked whether an Al-based approach could reproduce
guideline-based diagnostic classifications using routinely available inputs without requiring expert image
interpretation by non-specialists. We developed and evaluated three models for diagnosing AC: an
image-based model using non-contrast CT, a blood test-based model using routinely available laboratory
data, and a hybrid model integrating deep learning-derived imaging features with blood test data. Using
diagnoses established by specialists in accordance with the Tokyo Guidelines 2018 and supported by
surgical pathology and/or clinical follow-up as the reference standard, we evaluated the diagnostic
performance and interpretability of these models and further examined a sensitivity-oriented operating
point for supporting initial assessment and triage in emergency care settings where specialist
consultation is not immediately available.

Methods
Study Population

Patients were identified through a retrospective review of consecutive clinical records. The exclusion
criteria included incomplete clinical/laboratory data or suboptimal CT image quality (e.g., severe motion
artifacts). A total of 197 patients were enrolled, comprising 100 patients with AC and 97 control
participants without AC. The underlying diagnoses of the 97 non-AC control patients are summarized in
Supplementary Table S2 (Additional file 2). The diagnosis of AC was established in accordance with the
Tokyo Guidelines 2018 criteria, integrating clinical symptoms, laboratory markers, and imaging findings.
Surgical pathology and/or clinical follow-up served as the reference standards. All CT images had
corresponding radiology reports. For each patient assigned to the training dataset, three reviewers—a
board-certified radiologist (SN, with 13 years of clinical experience) and two board-certified
gastrointestinal surgeons (RT, with 8 years of clinical experience, and TH, with 13 years of clinical
experience)—independently selected a single representative axial CT slice. When the selected slices
differed among the reviewers, the final slice was determined by consensus. The representative image
was defined as the slice considered most morphologically informative for gallbladder evaluation. In
most cases, this corresponded to the slice showing the largest gallbladder diameter. In non-AC cases,
the slice showing the largest visible gallbladder was similarly selected. Biochemical data were extracted
from electronic medical records at the time of CT imaging.

Data Preprocessing and Image Transformation

DICOM images were processed using the pydicom library (version 3.0.1). Raw pixel values were
converted to HU using rescale slope and intercept parameters. To enhance soft-tissue contrast, images
were windowed to a range of - 70 to 170 HU, followed by normalization to 8-bit grayscale.
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To leverage the transfer learning capabilities of models pretrained on natural images, we generated
three-channel pseudo-color RGB images by applying three distinct HU window settings (18): Red (R), -
70 to 50 HU; Green (G), - 10 to 110 HU; and Blue (B), 50 to 170 HU. The resulting images were saved in
PNG format for model input.

White saturation (blowout) artifacts were corrected using a rule-based image processing approach
implemented with OpenCV (version 4.13.0.92) and NumPy (version 1.26.4). First, candidate pixels for
white saturation were identified based on intensity and color information. Specifically, pixels with a mean
RGB intensity = 210 were selected, as well as pixels with a value (V) =210 and saturation (S) < 70 in the
HSV color space. Next, connected component analysis with 8-connectivity was applied to the binary
mask, and only components with an area = 10 pixels were retained. To refine the detected regions,
morphological closing was performed using an elliptical kernel (7 x 7), followed by dilation using an
elliptical kernel (5 x 5) for two iterations. For each detected region, a surrounding ring-shaped area was
defined by subtracting the original mask from its dilated version. The pixel values within the white
saturation regions were then replaced by the median RGB values computed from the corresponding ring
regions, enabling local intensity interpolation while preserving surrounding structural information.

Gallbladder Segmentation and Region of Interest Localization

Automated gallbladder segmentation was performed using TotalSegmentator '° (version 2.12.0). A
bounding box was generated from the segmentation mask, incorporating a 15-pixel margin in all
directions to capture the pericholecystic environment. In four cases where automated segmentation was
suboptimal, manual correction was performed by a specialist to ensure the gallbladder remained the
central region of interest.

Deep Learning Framework

Input images were resized to 128 x 128 pixels and converted into three-channel (RGB) format. The
imaging model employed an EfficientNet-BO backbone pretrained on ImageNet, implemented using
TensorFlow (version 2.16.2). The architecture included a Global Average Pooling layer, a fully connected
(dense) layer with 128 units (GELU activation), a dropout layer (rate = 0.4), and a final sigmoid output
layer for binary classification.

Training was executed in two phases:

1. Warm-up: The backbone was frozen, and the classification head was trained using the AdamW
optimizer (learning rate =1 x 10”4
2. Fine-tuning: The final 10 layers of the backbone were unfrozen and optimized using Adam (learning

rate = 1 x 10 °), while Batch Normalization layers remained frozen to preserve internal covariate
shift stability
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Training was conducted with a batch size of 32 for up to 300 epochs, utilizing early stopping (patience =
10) based on validation loss. Following the training phase, this model served as a feature extractor: the
128-dimensional latent vectors from the penultimate dense layer were extracted and utilized as input
features for the subsequent downstream machine learning models.

Model Architecture and Training

We developed and compared three diagnostic frameworks: the Imaging Model (a deep learning model
using CT data); the Blood Model (a machine learning model using blood data); and the Hybrid Model (a
machine learning model integrating deep learning-derived imaging features and clinical data). The
dataset was partitioned at the patient level into a training set (71%, n = 139) and a test set (29%, n = 58)
to prevent data leakage. A single representative axial CT slice was used for each patient during model
training. For evaluation in the independent test dataset, all eligible axial CT slices containing the
gallbladder were analyzed. The maximum predicted probability across all slices was used as the patient-
level imaging score, and a patient was classified as positive if at least one slice had a predicted
probability of acute cholecystitis = 0.50.

Automated machine learning was implemented via the PyCaret library (version 3.3.2) to identify the
optimal classification architecture. The input feature space consisted of standardized biochemical
laboratory data, the 128-dimensional latent vectors extracted from the deep learning backbone, or a
concatenated vector of both for the hybrid approach.

To ensure a robust assessment of generalizability, model performance was rigorously evaluated on an
independent test set. The primary metrics for discriminative capacity included accuracy, precision, recall
(sensitivity), specificity, and F1 score. Additionally, the area under the receiver operating characteristic
curve (AUC) was calculated to evaluate the overall diagnostic performance.

Blood-Based and Hybrid Machine Learning Models

Clinical variables (white blood cell count, platelet count, levels of C-reactive protein, total bilirubin,
aspartate aminotransferase, alanine aminotransferase, gamma-glutamyl transpeptidase, alkaline
phosphatase, and creatinine, and the prothrombin time—-international normalized ratio) were
standardized using z-score normalization. For the Blood Model, an Extra Trees classifier was selected as
the final estimator. For the Hybrid Model, 128-dimensional feature vectors extracted from the bottleneck
layer of the deep learning model were reduced using principal component analysis, retaining
components that explained more than 85% of the cumulative variance (n = 31; Supplementary Figure S1,
Additional file 1). These features were then concatenated with the clinical variables, and a Random
Forest classifier was used as the final estimator for the Hybrid Model. Model selection for both models
was performed using PyCaret based on cross-validated performance. Additional optimization analyses
are shown in Supplementary Figure S5 (Additional file 1).

Statistical Analysis
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Baseline characteristics were compared between the AC and non-AC groups using Welch'’s two-sample t-
test for continuous variables and the chi-square test for categorical variables. All statistical analyses
were implemented in R statistical software(version 4.5.3), with a p-value < 0.05 considered statistically
significant.

During manuscript preparation, ChatGPT (OpenAl) was used to assist with language, formatting, and
structural organization. All output was reviewed and edited by the authors, who take full responsibility for
the final manuscript.

Results

Patient Characteristics and Dataset Partitioning

A total of 197 patients (100 with AC and 97 without AC) were enrolled in this study (Table 1). Baseline
demographic characteristics were generally comparable between the two groups, with no significant
differences in sex, age, height, or serum creatinine levels. However, patients with AC had significantly
higher body weight and body mass index than those without AC. Laboratory findings also differed
significantly between the groups: the AC group had higher white blood cell counts, C-reactive protein
levels, total bilirubin levels, liver enzyme levels (aspartate aminotransferase, alanine aminotransferase,
gamma-glutamyl transpeptidase, and alkaline phosphatase), and the prothrombin time—international
normalized ratio, while platelet counts were significantly lower.
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Table 1

Demographic and clinical characteristics of the study cohort

Sex Non-AC (n=97) AC (n=100) p-value
0.101
Male 76 (78.4%) 68 (68.0%)
Female 21 (21.6%) 32 (32.0%)
Age 67.4+12.6 66.3 + 14.3 0.624
Height [em] 163.8 + 9.0 161.5 + 9.6 0.086
Weight [kg] 55.1+ 9.1 60.1+ 11.1 <0.001
BMI [kg / m?] 20.5 + 3.2 23.0 + 3.6 <0.001
WBC [ /uL] 6750 + 2335 12571 + 5412 <0.001
PLT [x 100/ 24.7+ 8.3 21.6 + 9.4 0.014
CRP [mg/dL] 0.673 + 1.49 12.6 + 10.5 <0.001
T-Bil [mg/dL] 0.80 -+ 0.30 1.71+1.2 <0.001
ASTIU/L] 20.6 + 10.0 75.9 + 138.6 <0.001
ALT[U/L] 18.4+ 14.5 63.3 + 118.5 <0.007
YGTP [U/L] 44.1 +38.1 120.5 + 236.4 <0.001

Data are presented as numbers for categorical variables and means + standard deviations for
continuous variables. AC, acute cholecystitis; ALP, alkaline phosphatase; ALT, alanine
aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; Cre, creatinine; CRP, C-
reactive protein; PLT, platelet; PT-INR, prothrombin time-international normalized ratio; T-Bil, total
bilirubin; WBC, white blood cell; yGTP, gamma-glutamyl transferase
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Sex Non-AC (n=97) AC (n=100) p-value

0.101
ALP [U/L] 95.2 4 54.2 245.5 + 236.4 <0.001
Cre [mg/dL] 0.933 + 0.446 0.9494 + 0.646 0.878
PT-INR[] 0.951 + 0.124 1.08 + 0.232 <0.001

Data are presented as numbers for categorical variables and means + standard deviations for
continuous variables. AC, acute cholecystitis; ALP, alkaline phosphatase; ALT, alanine
aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; Cre, creatinine; CRP, C-
reactive protein; PLT, platelet; PT-INR, prothrombin time-international normalized ratio; T-Bil, total
bilirubin; WBC, white blood cell; yGTP, gamma-glutamyl transferase

Image Processing and Feature Extraction

Three diagnostic architectures were developed and evaluated: the Imaging Model, the Blood Model, and
the Hybrid Model integrating both data streams (Fig. 1). To optimize deep learning performance, CT
DICOM images underwent a standardized preprocessing pipeline. Raw data were converted to HU and
normalized to 8-bit grayscale. To enhance feature representation, three-channel RGB inputs were
generated using varying HU window settings. The gallbladder was segmented using TotalSegmentator,
with regions of interest extracted including a pericholecystic margin; manual refinement was performed
where necessary. These processed images served as input for EfficientNet, from which 128-dimensional
latent feature vectors were extracted for downstream machine learning classification (Supplementary
Figure S2A-D, Additional file 1).

Performance of the Imaging Model

On the independent test dataset, the Imaging Model, which utilized 128-dimensional features extracted
using EfficientNet, achieved an accuracy of 0.741, precision of 0.703, recall of 0.867, specificity of 0.607,
and F1 score of 0.776 and an AUC of 0.863 (Fig. 2A, B). Gradient-weighted Class Activation Mapping
(Grad-CAM) visualization confirmed that, in true-positive cases, the model consistently localized its
attention to the gallbladder and its immediate anatomical environment (Supplementary Figure S3A,
Additional file 1). In true-negative cases, minimal activation was observed in the gallbladder region,
reflecting a lack of pathological morphological markers (Supplementary Figure S3B, Additional file 1).
However, in misclassified cases (false positives and false negatives), attention maps were less localized,
suggesting that relying solely on morphological features like gallbladder volume or wall thickness may
be insufficient for definitive diagnosis in atypical presentations (Supplementary Figure S3C, D, Additional
file 7).
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Performance of the Blood Model

The Blood Model integrated ten laboratory variables: white blood cell count, platelet count, levels of C-
reactive protein, total bilirubin, aspartate aminotransferase, alanine aminotransferase, gamma-glutamyl
transpeptidase, alkaline phosphatase, and creatinine, and the prothrombin time—international normalized
ratio. Following an automated machine learning comparison using PyCaret, the Extra Trees Classifier
was identified as the optimal architecture.

On the test dataset, this model achieved an accuracy of 0.914, precision of 0.931, recall of 0.900,
specificity of 0.929, F1 score of 0.915 and an AUC of 0.946 (Fig. 3A, B). Feature importance analysis
identified the C-reactive protein level as the primary contributor, followed by the white blood cell count
and total bilirubin level (Fig. 3C), underscoring the centrality of systemic inflammatory biomarkers in the
classification task.

Analysis of five misclassified cases (three false negatives and two false positives) revealed that these
instances lacked a clear correlation between clinical presentation and gallbladder morphology
(Supplementary Figure S4A, B, Additional file 1). Notably, false-positive cases exhibited markedly
elevated C-reactive protein levels (> 9 mg/dL) without anatomical AC evidence, while false-negative
cases showed low C-reactive protein levels (< 1 mg/dL) despite potential clinical indicators
(Supplementary Table S1, Additional file 2). This suggests the Blood Model is highly sensitive to
inflammatory signals but lacks specificity in the absence of structural confirmation.

Performance of the Hybrid Model

Finally, we developed a hybrid machine learning model using a Random Forest classifier to fuse imaging-
derived features with clinical laboratory data. This integrated approach achieved superior performance
on the test dataset, with an accuracy of 0.931, precision of 0.882, recall of 1.000, specificity of 0.857, and
an F1 score of 0.938 (Fig. 4A). The AUC reached 0.996 (Fig. 4B). Feature importance analysis revealed
that both imaging-derived and laboratory features contributed meaningfully to the model’s predictions
(Fig. 4C). Among these, the most influential variable was the first principal component of image features,
followed by key inflammatory markers such as the C-reactive protein level and white blood cell count.
Additional contributions from total bilirubin and liver-related enzyme levels further highlighted the
complementary role of biochemical indicators. The four false-positive cases are shown in Fig. 4D, and
their laboratory parameters are summarized in Table 2.
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Table 2
Laboratory parameters in four misclassified cases

Case WBC PLT CRP T-Bil AST ALT YGTP ALP Cre PT-
oLl [x10% INR
pL] [mg/dL]  [mg/dL] [u/L]  [u/L]  [u/L] [u/L]  [mg/dL]
D1 9730 15.8 1.94 0.9 22 11 81 100 0.92 0.95
D2 8670 25 0.19 0.7 22 18 26 104 1.29 0.95
D3 5260 194 0.34 1.1 19 11 26 58 0.95 0.95
D4 7290 294 0.41 0.6 14 12 72 187 1.00 1.14
Data are presented as values for each case. WBC, white blood cell count; PLT, platelet count; CRP, C-
reactive protein; T-Bil, total bilirubin; AST, aspartate aminotransferase; ALT, alanine aminotransferase;
YGTP, gamma-glutamyl transferase; ALP, alkaline phosphatase; Cre, creatinine; PT-INR, prothrombin
time—international normalized ratio

Discussion

In this study, we addressed the challenge of accurately diagnosing AC in emergency settings, where
diagnostic decisions must balance accuracy with practical constraints such as invasiveness, cost, and
time. These considerations highlight the clinical importance of diagnostic support based on non-
contrast CT data. We developed three models: an Imaging Model, a Blood Model, and a Hybrid Model.
The Hybrid Model achieved the best overall performance, underscoring the value of integrating imaging
and clinical data.

The Imaging Model appeared to be influenced by morphologic features such as gallbladder distension,
even without clear inflammatory findings. In contrast, the Blood Model was vulnerable in cases with
attenuated inflammatory responses, such as chemotherapy-related cytopenia, potentially leading to
false-negative predictions. Our results indicate complementary limitations of imaging and laboratory
data, supporting the use of a hybrid approach to improve diagnostic robustness. Despite this advantage,
the Hybrid Model still produced four false-positive cases. Review of these cases suggested that the
mechanisms of false-positive classification were heterogeneous. In D2 and D3, gallbladder distension
was more prominent than in most control subjects, whereas gallbladder wall thickening and systemic
inflammatory findings were not evident. These findings suggest that physiologic gallbladder distension,
particularly in the setting of poor oral intake or fasting, may have mimicked morphologic features of
acute cholecystitis and contributed to false-positive classification 2%?". In contrast, D1 did not show
marked gallbladder distension, but the white blood cell count and C-reactive protein level were relatively
higher than in most control subjects. This finding suggests that nonspecific systemic inflammation
related to the underlying malignancy or general condition may have influenced the laboratory component
of the Hybrid Model %2. In D4, neither gallbladder distension nor systemic inflammatory findings were
prominent. Although cholestatic enzymes are not included in the diagnostic criteria for acute
cholecystitis, hepatobiliary abnormalities, including cholestatic liver enzyme elevations, can occur in
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patients receiving parenteral nutritional support and may act as laboratory confounders in multimodal
prediction 23. These findings indicate that the false-positive results of the Hybrid Model were not
attributable to a single factor but rather to different combinations of morphologic, inflammatory, and
laboratory confounders. Further refinement incorporating inflammation-specific imaging features,
nutritional status, and clinical context may improve specificity.

While point-of-care ultrasound remains widely used, its diagnostic performance is often influenced by
operator expertise and availability, with a reported sensitivity and specificity of approximately 79.0% and

93.6%, respectively 71°. To address these limitations, CT-based frameworks have been developed, with

reported AUCs ranging from 0.7933 to 0.8569 '°. In the present study, the Hybrid Model, which integrated
CT-derived imaging features with routinely available laboratory data, achieved an AUC of 0.996 and a
recall of 1.00, indicating that no cases of acute cholecystitis were missed in this cohort. This high
sensitivity may be clinically advantageous in settings where minimizing false-negative diagnoses is
critical. By reducing reliance on operator-dependent modalities, this approach may improve consistency
in clinical decision-making and support triage, particularly in emergency settings where initial
assessments are performed by non-specialists.

This study was subject to several limitations. First, the retrospective design may have introduced
selection and information biases 2*. Second, the single-center design limits the generalizability of the
present findings. External validation using independent cohorts from other institutions is required to
assess the robustness of the model across different patient populations, CT scanners, and acquisition
protocols 2>2°_ Finally, the reference standard, derived from the Tokyo Guidelines 2018 criteria and
composite clinical data, carries an inherent risk of label uncertainty. Future research should focus on
prospective validation and the implementation of domain adaptation techniques to account for inter-
institutional variability. Furthermore, ensuring transparency in artificial intelligence model development is
paramount; subsequent reporting should adhere to the TRIPOD + Al 2/, CLAIM 2024 28, and STARD-AI ?°
guidelines to ensure that these tools are both reproducible and ethically sound.

Conclusions

In conclusion, a deep learning-based hybrid model using non-contrast CT images showed potential as a
diagnostic support tool for acute cholecystitis. In particular, it may serve as an objective and clinically
implementable adjunct in emergency settings where junior residents and non-gastrointestinal specialists
are involved in the initial assessment.

Abbreviations

AC

acute cholecystitis
Al

artificial intelligence
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ALP

alkaline phosphatase

ALT

alanine aminotransferase

AST

aspartate aminotransferase

AUC

area under the receiver operating characteristic curve
BMI

body mass index

Cre

creatinine

CRP

C-reactive protein

CT

computed tomography

DICOM

Digital Imaging and Communications in Medicine
GELU

Gaussian error linear unit

Grad-CAM

gradient-weighted class activation mapping
HSV

hue,saturation,and value

HU

Hounsfield unit

PCA

principal component analysis

PLT

platelet count

PT-INR

prothrombin time-international normalized ratio
RGB

red,green,and blue

ROC

receiver operating characteristic

WBC

white blood cell count

yGTP

gamma-glutamyl transpeptidase.
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Figure 1

Overview of the Imaging, Blood, and Hybrid Models for Acute Cholecystitis Classification.
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(A) Overview of Imaging Model. Input CT images were converted into three-channel (RGB) format and
resized to 128 x 128 x 3 pixels before being processed by an EfficientNet-B0-based deep learning model.
The model generated a binary output for acute cholecystitis (AC) versus non-acute cholecystitis (non-
AC). (B) Overview of Blood Model. Ten clinical blood variables were used as input for a machine learning
classifier to distinguish between AC and non-AC. (C) Overview of Hybrid Model. A 128-dimensional latent
feature vector extracted from the imaging model was reduced to 31 dimensions by principal component
analysis and combined with the 10 blood variables. The integrated features were then used as input for a
machine learning classifier to distinguish between AC and non-AC.
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Figure 2

Diagnostic Performance of the Imaging Model for Acute Cholecystitis.

(A) Confusion matrix showing the true and predicted labels. (B) Receiver operating characteristic (ROC)
curve evaluating the classification performance. The dashed line represents the performance of a
random classifier. AUC, area under the curve.
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Figure 3

Diagnostic Performance and Feature Importance of the Blood Model for Acute Cholecystitis.

(A) Confusion matrix showing the true and predicted labels for the model. (B) Receiver operating
characteristic (ROC) curve evaluating the classification performance. The dashed line represents the
performance of a random classifier. (C) Bar chart displaying the relative feature importance of all
laboratory variables contributing to the model’s predictions.
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A Confusion Matrix B ROC Curve (any-slice-positive rule)

1.0 =
Negative s L
g
8 o 0.6
< £
[ @
= o
o
I: = 0.4
=
Positive = 0.2
0.0 — AUC =0.996
Negative Positive 0.0 0.2 0.4 0.6 0.8 1.0
Predicted label False Positive Rate
Top 10 Feature Importance
image feature 1 |
wec [
PT-INR [N
Vel |
Image feature 31 -
asT I
AT IR
0.00 0.05 0.10 0.15 0.20
Feature Importance
Figure 4

Diagnostic Performance, Feature Importance, and False-Positive Cases of the Hybrid Model for Acute
Cholecystitis.

(A) Confusion matrix showing the true and predicted labels. (B) Receiver operating characteristic (ROC)
curve evaluating the classification performance. The dashed line represents the performance of a
random classifier. (C) Feature importance plot displaying the top 10 variables, including laboratory
parameters and image-derived principal component analysis features, contributing to the model's
predictions. (D) Four representative cases incorrectly classified as positive by the model. For each case,
axial CT images are shown with the gallbladder indicated by yellow arrows.
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