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Rapid, accurate preoperative imaging diagnostics of appendicitis are critical in surgical decisions 
of emergency care. This study developed a fully automated diagnostic framework using a 3D 
convolutional neural network (CNN) to identify appendicitis and clinical information from patients with 
abdominal pain, including contrast-enhanced abdominopelvic computed tomography images. A deep 
learning model—Information of Appendix (IA)—was developed, and the volume of interest (VOI) region 
corresponding to the anatomical location of the appendix was automatically extracted. It was analysed 
using a two-stage binary algorithm with transfer learning. The algorithm predicted three categories: 
non-, simple, and complicated appendicitis. The 3D-CNN architecture incorporated ResNet, DenseNet, 
and EfficientNet. The IA model utilising DenseNet169 demonstrated 79.5% accuracy (76.4–82.6%), 
70.1% sensitivity (64.7–75.0%), 87.6% specificity (83.7–90.7%), and an area under the curve (AUC) of 
0.865 (0.862–0.867), with a negative appendectomy rate of 12.4% in stage 1 classification identifying 
non-appendicitis versus. appendicitis. In stage 2, the IA model exhibited 76.1% accuracy (70.3–81.9%), 
82.6% sensitivity (62.9–90.9%), 74.2% specificity (67.0–80.3%), and an AUC of 0.827 (0.820–0.833), 
differentiating simple and complicated appendicitis. This IA model can provide physicians with reliable 
diagnostic information on appendicitis with generality and reproducibility within the VOI.
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The inconspicuous structure and variable position of the appendix, along with conditions mimicking appendicitis, 
create significant challenges in accurately diagnosing appendicitis via radiological imaging1–5. Consequently, 
delays or misdiagnoses impose substantial burdens on medical systems and clinicians, particularly in managing 
complicated appendicitis—a common, life-threatening abdominal emergency6–15. The increasing use of 
computed tomography (CT) imaging as the preferred diagnostic tool for suspected appendicitis under national 
health insurance systems16–18 has led to a disproportionate increase in the demand for image interpretation, 
resulting in increased workloads and potential burnout among radiologists19,20.

With recent trends toward a fully automated pipeline from data preprocessing to model training, several 
studies have employed machine learning (ML) and deep learning (DL) methods for diagnosing appendicitis 
by proposing standard automated diagnostic systems without human intervention21. As alternative methods, 
these systems offer generalisability and reliability, potentially substituting for the roles of radiologists3,22–27. The 
application of transfer learning (TL) has addressed problems of expert-annotated data scarcity by leveraging 
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knowledge from source tasks to achieve high performance in target tasks28,29. A critical factor for the success of 
DL models in these applications is the collection of large datasets as control data based on standard references 
of normal structures and precise ground-truth labels that correlate with treatment and pathology30,31. Moreover, 
enhanced performance in interpreting cross-sectional medical images requires three-dimensional (3D) 
architectures reconstructed from multiple slices16,32. However, the application of ML using 3D reconstructed CT 
images for the spectrum of appendicitis, ranging from normal to complicated appendicitis, is yet to be reported.

Therefore, in this study, we hypothesised that a DL model, ‘Information of Appendix (IA)’, based on the two-
stage binary classification algorithm using TL, similar to a clinician’s approach for decision treatment, could be 
useful for patients visiting the emergency room (ER) with acute right or lower quadrant abdominal pain. This 
study aimed to develop and validate a fully automated diagnostic framework using a 3D convolutional neural 
network (CNN) that could identify non-, simple, and complicated appendicitis from high-quality ground-truth-
labelled data from a large population. Finally, the best-performing model on an external validation dataset 
serves as a proof of concept of the IA model33.

Methods
The appendix classification dataset used in this study included four categories, namely normal appendix, 
appendicitis (with or without complications), and benign and malignant appendiceal tumours, which were 
categorised in an archive (machinery hierarchy of four appendiceal structures). An automatically generated 3D 
volume of interest (3D-VOI) dataset, yielding three true classes—non-appendicitis, simple appendicitis, and 
complicated appendicitis—was utilised for the development and technical assessment of the IA model (Fig. 1). 
This study was approved by the institutional review board ethics committee of Hallym University Sacred Heart 
Hospital (IRB number, 2023-04-017) and the data review board (IRB number, 2023-06-002) for external 
validation. The institutional review board granted a waiver of informed patient consent due to the retrospective 
nature of our study. All methods were performed in accordance with the relevant guideline and regulations.

Fig. 1.  Integration workflow of IA model. Information of Appendix (IA) represents a fully automated 
diagnostic framework employing a three-dimensional convolutional neural network (CNN). This model 
incorporates a pipeline featuring a two-stage binary algorithm connected to transfer learning, enabling the 
prediction of three classifications: non-appendicitis, simple appendicitis, and complicated appendicitis. 
DICOM files, sorted from the PACS platform, are pre-processed and anonymised. The Hounsfield unit scale 
of the extracted CT images is converted into 8-bit greyscale based on a window width of 60 and a level of 
400. These grayscale images facilitate the localisation and generation of the volume of interest (VOI), which 
is then processed using the 3D-CNN algorithm. In the emergency medical system, the IA model simplifies 
the physician’s task to a single button push at the DICOM sorting stage, providing a diagnosis with associated 
probabilities for the input image within the VOI.
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Dataset and labels
The entire dataset, which was labelled in three classes (non-appendicitis, simple appendicitis, and complicated 
appendicitis) and collected from a single institution, was segmented into training, tuning, and internal 
validation datasets to develop the IA model. This study focused on the dataset of a large cohort of patients 
visiting emergency departments who had undergone intravenous contrast-enhanced abdominopelvic CT 
examinations from January 2014 to May 2022 with right or lower quadrant abdominal pain as their primary 
complaint. Additionally, a labelled dataset—externally sourced from a single institution via data transfer from 
January 2020 to June 2020—was employed for the external validation of the IA model.

The standard reference for the control group comprised patients diagnosed with non-appendicitis, with 
datasets acquired under clinical settings comparable to those of the patients. A negative image in the control group 
was defined as the absence of abnormal findings in the appendix or mesoappendix, irrespective of disease outside 
the VOI region. The appendiceal structure, which exhibited pathological findings corresponding to radiological 
observations, was labelled as a true class following rigorous re-examination of all portal-phase slices in axial 
images, provided that it satisfied all specified radiological and pathological inclusion criteria (Supplementary 
Fig. 1)34,35. Cases were labelled ‘complicated appendicitis’ only when both radiologic and pathologic findings 
indicated perforation. Images from patients with pathologically confirmed negative appendectomies were also 
labelled negative images.

Parameters of imaging protocol
In this study, the CT protocol parameters were as follows: abdomen or pelvis scans (intravenous contrast, 2 mg/
kg, maximum 160 mL), scan timing (portal venous phase), range (from 4 cm above the liver dome to 1 cm below 
the ischial tuberosity), radiation dose (tube potential, KVP from 100 to 120), pitch 1.75:1, and reconstruction 
(5 mm cut slice for adults; 3 mm cut slice for children under 12 years).

Exploratory data analysis (EDA)
EDA was performed via cross-validation of DICOM header information, CT protocol parameters, and patient 
eligibility to mitigate heterogeneity-related bias or errors during DL tuning. Additionally, multiple iterations 
of EDA were conducted to determine the optimal z-axis-based region of interest (ROI) corresponding to the 
anatomical boundary of appendicitis, resulting in subsequent revisions and upgrades of the IA model based on 
EDA outcomes.

Inclusion and exclusion criteria
This study employed broad eligibility criteria, reflecting the rapidly expanding utilisation and interpretation 
volume of CT in ERs17,18. This approach aligns with the practices of several institutions where physicians employ 
a sensitive approach toward clinical suspicion of appendicitis as a cause of abdominal pain, utilising CT imaging 
to either confirm or rule out the condition. The exclusion criteria were established based on EDA outcomes 
(Supplementary Table 1). Patients who did not adhere to the CT imaging protocol were also excluded.

Automated pipeline for VOI extraction
The steps for automatically extracting VOI were as follows: (i) ROI slice localisation on the z-axis; (ii) VOI 
cropping, including body segmentation on the x- and y-axes; and 3D bounding box generation and optimisation. 
Initially, during ROI slice localisation, the region was segmented into three areas using 2D DenseNet16936: the 
reference initial ROI, upper region, and lower region. For z-axis range reference, the highest level of the iliac 
crest and lowest level of the sacroiliac (SI) joint were considered the initial ROIs (Fig. 2a)37,38.

The automatic detection of the upper and lower regions in axial CT images involved distinguishing between 
images with and without the corresponding bony structures. This was achieved by identifying the first slice 
displaying the iliac crest and the final slice of the SI joint, irrespective of whether they were right or left-sided, 
as shown in Fig. 3. To increase the longitudinal range of the ROI on the z-axis, the upper margin was adjusted 
by adding thresholds of 25, 50, and 75 mm, and the lower margin was extended by approximately 50 mm down 
to the upper border of the symphysis pubis (Fig. 2b). The optimal thresholds for the upper and lower margins 
were determined via EDA (Fig. 4), which resulted in an extension of the initial ROI by an upper margin of 
50 mm. Subsequently, the regions that correspond to the x-, y-, and z-axes were integrated to generate the initial 
3D bounding box for VOI cropping. The automated extraction process of the VOI proceeded as follows: body 
segmentation, 3D-bounding box creation, and optimisation along the x- and y-axes for slices that correspond 
to the extended z-axis of the initial ROI, with an additional upper margin of 50  mm (Fig.  2c). Finally, the 
reconstructed 3D-VOIs from the entire pipeline were used as input data for the 3D-CNN models.

Two-stage binary classification based on transfer learning
The employed CNN architectures included 3D ResNet39, DenseNet36, and EfficientNet40, which extend two-
dimensional (2D) frameworks to 3D, as detailed in the Supplementary Information. The 3D-CNN—applied 
with a two-stage binary classification based on TL (Fig. 2d)29—was designed to classify three distinct classes. In 
the first step of the pipeline, the stage 1 classification (non-appendicitis vs. appendicitis) utilised Xavier uniform 
initialisation41. The trainable parameters from the first stage were then transferred to facilitate TL for the second 
stage classification (simple vs. complicated appendicitis). The learning rate, ranging from 1e−2 to 1e−5, was 
adjusted using three methods: reducing by a factor of 10 every 10 epochs, employing cosine-shaped learning 
rate scheduling, and decreasing by a factor of 10 upon plateauing in the tuning dataset. The Adam optimiser42 
was utilised with batch sizes of 8 and 100 epochs. Binary tests at each stage of the pipeline were configured using 
the Youden index and a cutoff value of 0.5. Additionally, 3D augmentation was implemented using a random 
combination of rotation within ± 10° and contrast enhancement of up to 10%. Training was conducted on a 
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server equipped with an Intel(R) Xeon(R) Silver 4216 CPU @ 2.10 GHz, 256 GB RAM, and NVIDIA GeForce 
RTX 3090 (24 GB) using the PyTorch 1.12.1 DL framework on Ubuntu 20.04.1. The configuration details of the 
IA model are presented in Supplementary Table 2.

Statistical analysis and outcome assessment
The performance of the model was evaluated at each learning phase by calculating 95% confidence intervals 
(CIs) for accuracy, sensitivity, specificity, predictive value (PV), F1 score, average precision score, and area under 
the receiver operating characteristic curve (AUROC). The negative appendectomy rate (NAR), defined as the 
false positive error, was also computed.

The output images from the model predictions were analysed using gradient-weighted class activation 
mappings (Grad-CAMs). These mappings visualise the feature maps, shaped as 8 × 8 × 2 outputs from the final 
convolutional layer, by upscaling and overlaying them onto the input slices to highlight the salient regions used 
in the classification. The corresponding heatmaps were plotted in alignment with the input slices.

Fig. 2.  Automated localisation for region of interest and generation of three-dimensional volume of 
interest for appendicitis. (a) In all cross-sectional slices of abdominopelvic computed tomography (APCT), 
automated localisation of the region of interest (ROI) on the z-axis, corresponding to the anatomical location 
of appendicitis, is performed using 2D-DenseNet169. The initial ROI range is defined by the highest level of 
the iliac crest and the lowest margin of the sacroiliac (SI) joint (indicated by the white bidirectional arrow) in 
the maximal intensity projection view (b). Extended upper and lower margins of the ROI (dotted line), with 
exploratory data analysis (EDA*), lead to the automated extraction of slices based on the extended z-axis ROI, 
with an additional upper margin of 50 mm referred to for the automated extraction of 3D-VOI. (c) Entire 
volume is cropped into the VOI using body segmentation and 3D-bounding box optimisation on the x- and 
y-axes. The refinement of the x- and y-axes of the VOI, achieved through body segmentation, is integrated 
with the z-axis to generate the initial 3D bounding box. Body segmentation that isolates only the patient area 
involves a sequence of processes including Otsu thresholding, seeded region growing, and morphological 
filtering. Unnecessary areas such as air and the bed in the x- and y-axis regions are excluded, especially 
omitting the left region. Further optimisation of the 3D bounding box entails reducing the range by 10% on 
three sides: dorsal, ventral, and right-abdominal wall, excluding the medial side. The reconstructed 3D-VOI, 
averaging 204 in width, 225 in height, and 28 slices in depth, is then input into the 3D-CNN model (d). ROI 
region of interest, EDA*, exploratory data analysis, VOI, volume of interest.
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Results
Patient demographics
To develop the dataset, 6,502 patients who visited the ER were included; the patients had a mean age of 38.0 
years (SD 17.0 years), with 2,948 men (45.3%) and 3,554 women (54.7%) (Table 1). Among cases of patients 
who underwent appendectomy, 55 (1.8%) were identified as negative appendectomies. The external dataset 
exhibited heterogeneity in several aspects: a lower mean age (p < 0.001), greater proportion of non-appendicitis 
cases (p = 0.05), and different distribution of diagnoses for non-appendicitis patients (p < 0.001), despite the sex 
distribution being similar to that of the development dataset. In the non-appendicitis group, the most common 
diagnoses were normal cases with no abnormal findings, followed by terminal ileitis and ascending colitis; these 
findings were consistent in both the development and external datasets (Supplementary Fig. 2).

Model performance in developing and external dataset
Based on the internal validation on the development dataset, the performance of the seven 3D-CNN models 
varied according to stage 1 classification (Table 2). However, a pattern of relatively lower performance across 
all the CNN models was observed in stage 2 classification. The NAR range was 0.114–0.258 (95% CI) in stage 1 
and 0.063–0.272 (95% CI) in stage 2, with DenseNet169 achieving the best performance among all the models 
(Table 2).

In the external validation, the performances of all the 3D-CNN models were relatively lower than those in the 
internal validation, despite the disease distribution being similar to that in the internal dataset. The DenseNet169 
model achieved the highest performance among all the CNN models (Table  2). The NAR ranges for all the 
models were 0.124–0.360 (95% CI) in stage 1 and 0.231–0.422 (95% CI) in stage 2.

Fig. 3.  Automated detection of upper and lower margin for region of interest in abdominal computed 
tomography slices. (a) In a 43-year-old male patient with simple appendicitis, among all axial slices of the 
abdominal section (serial numbers 1 to 115), thirty slices (from serial numbers 52 to 81) were automatically 
sorted by DenseNet169 for the initial region of interest (ROI) range (blue box) with an extended upper margin 
(yellow bow). (b) Automated detection of the highest level of the iliac crest (white arrow) at slice serial number 
62, and the lowest level of the sacroiliac (SI) joint at slice serial number 81 (yellow arrow), positioned between 
the iliac bone (red triangle) and sacrum (black asterisk). Bony structure (white arrow) is not visible in slice 
serial number 61 but is seen from slice serial number 62 onwards. Similarly, the iliac bony structure of the SI 
joint (yellow arrow) disappears after slice serial number 81.
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Total Non-appendicitis Simple appendicitis Complicated appendicitis p value

Developing set 6502 3058 (47.0) 2789 (42.9) 655 (10.1)

Training 5200 2446 (47.0) 2231 (42.9) 523 (10.1)

Validation 651 306 (47.0) 279 (42.9) 66 (10.1)

Test 651 306 (47.0) 279 (42.9) 66 (10.1)

Mean age ± SD 38.0 ± 17.0 35.1 ± 16.3 38.8 ± 16.7 47.9 ± 17.9 < 0.001

Sex < 0.001

 Male 2948 (45.3) 1096 (35.8) 1480 (53.1) 372 (56.8)

 Female 3554 (54.7) 1962 (64.2) 1309 (46.9) 283 (43.2)

External data 645 347 (53.8) 242 (37.5) 56 (8.7)

Mean age ± SD 34.6 ± 15.5 35.4 ± 15.9 35.6 ± 14.6 38.3 ± 18.7 0.477

Sex 0.017

 Male 308 (47.8) 148 (42.7) 132 (54.5) 28 (50.0)

 Female 337 (52.2) 199 (57.3) 110 (45.5) 28 (50.0)

Table 1.  Demographics and dataset. SD standard deviation.

 

Fig. 4.  Exploratory data analysis for extended range of region of interest. EDA for 25, 50, and 75 mm-extended 
upper margins of the ROI on the z-axis using DenseNet169 indicated that the performance of each model was 
not significantly affected, as evidenced by consistent receiver operating characteristic (ROC) values. However, 
the model with a 50 mm threshold displayed the best performance (a). EDA for extended lower margins down 
to the upper border of the symphysis pubis, in comparison to model performance based on the SI joint, also 
displayed no significant difference in ROC values (b). (c) Model performance across three randomly split 
independent seeds was evaluated for the thresholds of 25, 50, and 75 mm-extended upper margins and the 
extended lower margin with an additional 50 mm from the lower margin of the sacroiliac joint. The analysis 
included area under the receiver operating characteristic curve (AUROC), sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV), and F1 score.
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Model Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI)
Average precision 
(95% CI)

F1 score (95% 
CI)

AUC (95% 
CI)

Internal validation dataset (n = 651)

 Stage 1 classification; non-appendicitis (n = 306) versus appendicitis (n = 345)

  Resnet34 0.836 (0.807–0.864) 0.843 (0.801–0.878) 0.827 (0.780–0.865) 0.846 (0.804–
0.880)

0.824 (0.778–
0.863) 0.924 (0.922–0.927) 0.831 (0.828–

0.834)
0.908 
(0.906–
0.911)

  Resnet101 0.849 (0.822–0.877) 0.878 (0.839–0.909) 0.817 (0.770–0.856) 0.844 (0.803–
0.878)

0.856 (0.811–
0.892) 0.932 (0.930–0.934) 0.838 (0.835–

0.841)
0.921 
(0.918–
0.923)

  Densenet121 0.868 (0.842–0.894) 0.878 (0.839–0.909) 0.856 (0.812–0.891) 0.873 (0.834–
0.904)

0.862 (0.818–
0.896) 0.936 (0.934–0.938) 0.869 (0.866–

0.871)
0.927 
(0.925–
0.929)

  Densenet169 0.868 (0.842–0.894) 0.896 (0.859–0.924) 0.837 (0.791–0.874) 0.861 (0.821–
0.893)

0.877 (0.834–
0.910) 0.942 (0.940–0.944) 0.872 (0.869–

0.874)
0.930 
(0.928–
0.932)

  Efficientnet 
B1 0.834 (0.806–0.863) 0.916 (0.882–0.941) 0.742 (0.690–0.788) 0.800 (0.758–

0.836)
0.887 (0.842–
0.920) 0.911 (0.909–0.913) 0.820 (0.817–

0.823)
0.899 
(0.896–
0.901)

  Efficientnet 
B3 0.842 (0.814–0.870) 0.803 (0.758–0.841) 0.886 (0.845–0.917) 0.888 (0.848–

0.918)
0.799 (0.753–
0.839) 0.925 (0.923–0.928) 0.847 (0.844–

0.850)
0.915 
(0.912–
0.917)

  Efficientnet 
B5 0.820 (0.791–0.850) 0.803 (0.758–0.841) 0.840 (0.795–0.877) 0.850 (0.807–

0.884)
0.791 (0.743–
0.831) 0.902 (0.899–0.905) 0.824 (0.821–

0.827)
0.893 
(0.890–
0.896)

 Stage 2 classification; simple appendicitis (n = 279) versus complicated appendicitis (n = 66)

  Resnet34 0.756 (0.707–0.805) 0.857 (0.750–0.922) 0.728 (0.667–0.782) 0.466 (0.377–
0.556)

0.949 (0.905–
0.972) 0.676 (0.665–0.687) 0.589 (0.579–

0.598)
0.859 
(0.853–
0.864)

  Resnet101 0.832 (0.790–0.874) 0.818 (0.708–0.892) 0.835 (0.783–0.877) 0.581 (0.479–
0.676)

0.943 (0.903–
0.967) 0.661 (0.648–0.673) 0.638 (0.630–

0.645)
0.875 
(0.870–
0.880)

  Densenet121 0.891 (0.856–0.926) 0.719 (0.598–0.814) 0.937 (0.899–0.961) 0.754 (0.633–
0.845)

0.926 (0.885–
0.952) 0.731 (0.719–0.743) 0.608 (0.597–

0.619)
0.870 
(0.864–
0.877)

  Densenet169 0.848 (0.808–0.888) 0.864 (0.760–0.926) 0.844 (0.793–0.884) 0.600 (0.499–
0.693)

0.958 (0.922–
0.977) 0.704 (0.693–0.715) 0.695 (0.687–

0.702)
0.886 
(0.881–
0.891)

  Efficientnet 
B1 0.832 (0.791–0.873) 0.875 (0.772–0.935) 0.821 (0.769–0.864) 0.554 (0.457–

0.648)
0.963 (0.928–
0.981) 0.741 (0.730–0.752) 0.671 (0.663–

0.679)
0.877 
(0.871–
0.883)

  Efficientnet 
B3 0.809 (0.762–0.855) 0.862 (0.750–0.928) 0.795 (0.736–0.843) 0.526 (0.427–

0.624)
0.956 (0.916–
0.977) 0.741 (0.730–0.751) 0.579 (0.570–

0.588)
0.890 
(0.885–
0.895)

  Efficientnet 
B5 0.809 (0.762–0.855) 0.867 (0.758–0.930) 0.793 (0.734–0.841) 0.536 (0.437–

0.632)
0.956 (0.915–
0.977) 0.734 (0.724–0.744) 0.656 (0.648–

0.665)
0.891 
(0.887–
0.896)

External validation dataset (n = 645)

 Stage 1 classification; non-appendicitis (n = 347) versus appendicitis (n = 298)

  Resnet34 0.781 (0.749–0.813) 0.718 (0.664–0.766) 0.836 (0.793–0.871) 0.790 (0.737–
0.834)

0.775 (0.730–
0.815) 0.837 (0.833–0.840) 0.750 (0.746–

0.755)
0.847 
(0.845–
0.850)

  Resnet101 0.750 (0.717–0.784) 0.879 (0.837–0.911) 0.640 (0.588–0.688) 0.677 (0.629–
0.722)

0.860 (0.813–
0.897) 0.809 (0.805–0.814) 0.722 (0.718–

0.726)
0.834 
(0.831–
0.837)

  Densenet121 0.792 (0.761–0.824) 0.836 (0.789–0.873) 0.755 (0.707–0.797) 0.746 (0.696–
0.789)

0.842 (0.798–
0.879) 0.852 (0.848–0.856) 0.757 (0.754–

0.761)
0.861 
(0.858–
0.864)

  Densenet169 0.795 (0.764–0.826) 0.701 (0.647–0.750) 0.876 (0.837–0.907) 0.829 (0.778–
0.871)

0.774 (0.730–
0.812) 0.857 (0.854–0.860) 0.772 (0.768–

0.775)
0.865 
(0.862–
0.867)

  Efficientnet 
B1 0.761 (0.728–0.794) 0.768 (0.717–0.813) 0.755 (0.707–0.797) 0.729 (0.678–

0.775)
0.792 (0.744–
0.832) 0.816 (0.812–0.821) 0.742 (0.737–

0.746)
0.835 
(0.832–
0.838)

  Efficientnet 
B3 0.789 (0.758–0.821) 0.758 (0.707–0.803) 0.816 (0.771–0.853) 0.779 (0.728–

0.823)
0.797 (0.752–
0.836) 0.856 (0.853–0.859) 0.771 (0.767–

0.775)
0.872 
(0.870–
0.875)

  Efficientnet 
B5 0.761 (0.728–0.794) 0.789 (0.739–0.831) 0.738 (0.689–0.781) 0.721 (0.670–

0.767)
0.803 (0.755–
0.842) 0.817 (0.813–0.821) 0.745 (0.741–

0.749)
0.839 
(0.836–
0.842)

 Stage 2 classification; simple appendicitis (n = 242) versus complicated appendicitis (n = 56)

Continued
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Grad-CAM image
Figure 5 shows representative Grad-CAM images of subcecal, retrocecal, postileal, and pelvic type appendicitis, 
overlaid on CT images for comparison with actual locations. All Grad-CAM images were reviewed by clinicians 
and radiologists, who confirmed that the areas of interest of the DL model aligned with human assessments. In 
patients with simple appendicitis, the heatmaps predominantly emphasised the appendix and mesoappendix 
with a redder colour. Conversely, heatmaps for complicated appendicitis highlighted the appendiceal structure, 
as well as extra-appendiceal findings, including air, fluid collection, cavitary lesions with abscess, and adjacent 
organ structures, such as the small bowel, cecum, or bowel mesentery.

Discussion
In this study, we developed and validated a fully automated, two-stage CNN model to diagnose acute appendicitis 
using CT images. The model effectively distinguished between non-appendicitis and appendicitis cases in the 
first stage, and simple and complicated appendicitis in the second. The DenseNet169 architecture achieved the 
highest performance, with an AUC of 0.930 for the initial classification (non-appendicitis vs. appendicitis) and 
0.886 for the second-stage classification (simple vs. complicated appendicitis). These results underscore the 
potential of our IA model to support clinical decision-making by providing an informed automated diagnosis of 
appendicitis using CT images.

This study acknowledges the inherent limitations and potential flaws of the application of AI in the field of 
medicine, demonstrating the sophisticated architecture and reliability of an IA model via external validation. 
Among numerous studies employing AI algorithms, only 6.0% of recently published research on the diagnostic 
analysis of medical images has reported external validation performance33. The IA model, developed in this 
study using a two-stage binary algorithm combined with TL with fine-tuning, embeds parameters learned from 
a high-quality labelled dataset of a large population across numerous epochs. The model simplifies the role of 
the clinician to merely activating it with the push of a button at the point of DICOM sorting from patient CT 
scans, which subsequently provides diagnostic probabilities for the input images. Moreover, from a machine 
learning perspective, structuring the IA model as a two-stage binary algorithm is advantageous in increasing 
the classification sensitivity for complicated appendicitis. A single-step multi-class classification model risks the 
overlooking of cases with complicated appendicitis owing to data imbalance caused by its low incidence rate 
(Table 1).

Model Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI)
Average precision 
(95% CI)

F1 score (95% 
CI)

AUC (95% 
CI)

  Resnet34 0.729 (0.669–0.789) 0.796 (0.663–0.885) 0.709 (0.636–0.773) 0.448 (0.348–
0.553)

0.921 (0.861–
0.956) 0.563 (0.548–0.578) 0.566 (0.555–

0.577)
0.801 
(0.794–
0.809)

  Resnet101 0.756 (0.704–0.808) 0.704 (0.571–0.809) 0.769 (0.707–0.821) 0.442 (0.341–
0.547)

0.909 (0.857–
0.943) 0.605 (0.592–0.619) 0.529 (0.518–

0.540)
0.806 
(0.799–
0.813)

  Densenet121 0.735 (0.680–0.790) 0.824 (0.697–0.904) 0.712 (0.645–0.771) 0.424 (0.331–
0.523)

0.940 (0.890–
0.968) 0.653 (0.641–0.665) 0.561 (0.551–

0.571)
0.820 
(0.812–
0.827)

  Densenet169 0.761 (0.703–0.819) 0.826 (0.692–0.909) 0.742 (0.670–0.803) 0.475 (0.369–
0.583)

0.938 (0.882–
0.968) 0.629 (0.616–0.641) 0.583 (0.572–

0.594)
0.827 
(0.820–
0.833)

  Efficientnet 
B1 0.642 (0.580–0.704) 0.878 (0.757–0.942) 0.578 (0.505–0.648) 0.361 (0.281–

0.451)
0.945 (0.886–
0.974) 0.578 (0.563–0.593) 0.543 (0.531–

0.556)
0.798 
(0.788–
0.807)

  Efficientnet 
B3 0.752 (0.696–0.808) 0.765 (0.632–0.860) 0.749 (0.679–0.807) 0.470 (0.366–

0.576)
0.916 (0.859–
0.951) 0.603 (0.590–0.617) 0.556 (0.546–

0.566)
0.808 
(0.802–
0.814)

  Efficientnet 
B5 0.634 (0.572–0.696) 0.896 (0.778–0.954) 0.567 (0.495–0.636) 0.347 (0.269–

0.434)
0.955 (0.899–
0.980) 0.557 (0.544–0.571) 0.518 (0.507–

0.529)
0.797 
(0.790–
0.804)

Table 2.  Performance of 3D-convolutional neural network models. 95% CI 95% confidence interval, PPV 
positive predictive value, NPV negative predictive value, AUC area under the receiver operating characteristic 
curve.
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However, we remain cautious about overestimating the capabilities of the IA model, which are specifically 
modified for feature extraction of the appendix within the VOI. The specialisation may limit its generalisability 
and reproducibility for patients with abdominal pain in ERs; however, it is expected to offer considerable benefits 
to clinicians and patients in medically underserved regions without radiologists available to read CT images43.

In the field of medical image analysis, TL facilitates knowledge transfer at the parametric level and is 
extensively used to optimise ML models. It enhances the learning time and performance by leveraging datasets 
from the source domain, addressing the lack of data annotations in the target domain and the unavailability 
of large labelled datasets29. However, we acknowledge that clinicians, who integrate patient history, physical 
examination, review of systems, and laboratory results to formulate a diagnosis before interpreting CT images, 
do not strictly adhere to the two-stage binary decision-making process inherent in TL. Nonetheless, the rationale 
for not employing multiclass algorithms involves emulating human cognitive processes as closely as possible. 
However, it does not imply that clinicians cannot diagnose complicated appendicitis without prior identification 
of normal or simple cases. Instead, TL facilitates a more efficient learning process for interpreting complicated 
appendicitis cases by adapting pre-trained tasks, as opposed to starting the ML process from scratch30.

In this study, the VOI provided a feature map that enabled spatial perception of areas beyond the appendix, 
particularly the extra-appendiceal region. Utilising handcrafted annotations focused solely on the appendix 
and mesoappendix can result in information loss concerning extra-appendiceal features, such as extraluminal 
gas, fluid collection, appendicolith, bowel content due to perforation, and adjacent structural changes caused 
by appendiceal inflammation. Notably, less than 3% of the true class cases were located outside the VOI, 
underscoring the challenge of expanding the ROI, which may detrimentally affect the performance of the 
model. The range of the VOI, established to cover all types of appendicitis locations, including pelvic types, was 
optimised by adjusting the upper and lower margins via EDA37,38.

However, fatal errors are inevitable when analysing data with potential causes outside of the VOI—a situation 
applicable to data from patients excluded in real-world clinical settings. Despite being rare, oncologic risks are 
concerning within the VOI field. Masquerading appendicitis harbouring hidden malignancies, particularly those 
complicated by perforation, presents a diagnostic challenge and can worsen patient outcomes44. An accurate 
preoperative diagnosis of complicated appendicitis with potential tumour risk is difficult45.

In this study, the most common cause of false positive errors in both the development and external datasets 
was ascending colon diverticulitis, followed by terminal ileitis, regardless of the 3D-CNN model employed. 
Similar to the issues faced by clinicians, the IA model did not effectively address the challenge of interpreting CT 
images of patients with appendicitis that mimics ascending colon diverticulitis or terminal ileitis46,47. An analysis 
of Grad-CAM images from false class cases revealed that inflammation might alter image texture features, such 
as edgeness per unit area and local neighbourhood intensity, involving the appendix and surrounding extra-
appendiceal structures, such as fat, fluid, or bowel within the VOI48. However, the model failed to distinguish 
discrepancies between salience and activation maps, lacking top–down evidence for the textures of false error 
images49. The technical key to reducing false errors lies in the incorporation of additional data, balanced fitting, 
and optimising the loss function30.

This study acknowledges several limitations, including potential iatrogenic perforation due to surgical 
manipulation and variable responses to antibiotics or delayed surgery between the times of radiologic and 
pathologic labelling. Despite these limitations, we posit that our robust dataset, which includes data from normal 
individuals, patients with non-specific conditions, and patients with a broad spectrum of diseases, may yield 
better results than those of previous studies3,22 that lacked control data. However, issues such as the automatic 
uploading of sorted DICOM series from the PACS platform, large amount of excluded data, limitation of DL to 
the confined VOI rather than the entire abdominal section, and hidden risk of appendiceal tumours within the 
VOI suggest that practical application in real-world settings may still be distant. To address the limitations of the 
model, we are currently in the process of conducting a prospective randomised study comparing the diagnosis 
by non-radiologists and the IA model [ClinicalTrials.gov ID: NCT06175169] to ensure that the model fulfils 
ethical requirements and is safe. Despite the limitations mentioned, our model has the potential to be applied 
as a triage tool, particularly in medically underserved regions where radiologists are not readily available. The 
model could be implemented in an initial screening phase, prioritizing cases flagged as likely appendicitis during 
stage 1 classification (normal vs. appendicitis) for immediate review by available radiologists or physicians. 
This triage function could optimize resources by ensuring that cases requiring urgent intervention are assessed 
without delay, improving the efficiency of clinical workflows.

In conclusion, this study demonstrated that the proposed DL model can identify non-appendicitis, acute 
appendicitis, and complicated appendicitis from CT scan images of critical patients who presented right-sided 
or lower abdominal pain in the ER, representing a diagnostic approach for clinicians. The IA model, owing to 
its generality and reproducibility within the VOI, may alleviate the burden of CT interpretation for physicians, 
particularly in medically vulnerable systems or regions that lack readily available radiologists or specialist-based 
interpretations.
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Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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