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ankylosing spondylitis based on
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Introduction: The diagnosis and treatment of ankylosing spondylitis (AS) is a di�cult

task, especially in less developed countries without access to experts. To address this

issue, a comprehensive artificial intelligence (AI) tool was created to help diagnose

and predict the course of AS.

Methods: In this retrospective study, a dataset of 5389 pelvic radiographs (PXRs)

from patients treated at a single medical center between March 2014 and April 2022

was used to create an ensemble deep learning (DL) model for diagnosing AS. The

model was then tested on an additional 583 images from three other medical centers,

and its performance was evaluated using the area under the receiver operating

characteristic curve analysis, accuracy, precision, recall, and F1 scores. Furthermore,

clinical prediction models for identifying high-risk patients and triaging patients were

developed and validated using clinical data from 356 patients.

Results: The ensemble DL model demonstrated impressive performance in a

multicenter external test set, with precision, recall, and area under the receiver

operating characteristic curve values of 0.90, 0.89, and 0.96, respectively. This

performance surpassed that of human experts, and the model also significantly

improved the experts’ diagnostic accuracy. Furthermore, themodel’s diagnosis results

based on smartphone-captured images were comparable to those of human experts.

Additionally, a clinical prediction model was established that accurately categorizes

patients with AS into high-and low-risk groups with distinct clinical trajectories. This

provides a strong foundation for individualized care.

Discussion: In this study, an exceptionally comprehensive AI tool was developed

for the diagnosis and management of AS in complex clinical scenarios, especially in

underdeveloped or rural areas that lack access to experts. This tool is highly beneficial

in providing an e�cient and e�ective system of diagnosis and management.
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FIGURE 6

Performance of clinical prediction models and optimal cut-o� value for BASFI and BASDAI. (A) Predicted value and the true value of BASFI. (B) Distribution

and an optimal cut-o� value of BASFI. (C) Predicted value and the true value of BASDAI. (D) Distribution and an optimal cut-o� value of BASDAI.

inference. Therefore, to deploy the model on the website—which can
be utilized on the PC side and can deliver photographs directly into
the model on the smartphone side—we used Python’s “streamlit”
library. Anyone can quickly and easily start using the model,
thanks to its user-friendly interface, providing hospitals in rural
and underdeveloped areas access to AI diagnostics. Compared with
images obtained using X-ray equipment, images captured using
smartphones suffer an unavoidable loss of quality. However, the
model operates quite robustly on images captured using smartphones
by validating the inference performance of smartphone-captured
images by using a multicenter external test set of smartphone-
captured images. The AUC value of the model is 0.904, which is
comparable to the results obtained from the original images by
human experts. Thus, especially for inexperienced radiologists in
underdeveloped areas, this AI diagnostic tool based on smartphone-
captured images can considerably increase the effectiveness of
AS diagnosis.

DL models have long been criticized for being “black boxes,”
where the output is good, but nothing is known about the inference
process, and the findings are uninterpretable. The benefit of using
CNNs is that the focus of the model’s attention can be visualized,
reducing the neural network’s “black box” status. Understanding
the point of focus of a model’s inference is crucial for developing
the model and improving its level of effectiveness. It also aids in
increasing the confidence in the model’s inference. In this study,

we used the LIME and NORMLIME techniques to visualize the
inference process of the model. LIME relies on a local interpretation
that is specific to the current sample, whereas NORMLIME utilizes
a global interpretation that uses a certain number of samples and
enables some noise reduction. LIME and NORMLIME techniques
are interpretative algorithms that divide an image into superpixels,
calculate and rank each superpixel’s weight, and then identify the
blocks of superpixels that are the focus of the model and play the
most significant part in the inference process. As shown in Figure 3,
the submodel of the ensemble model focuses on the condition
of the sacroiliac. This also illustrates the reliability of the model
output because it is consistent with the attention of human experts.
In addition to the aspects that human experts concentrate on,
the model concentrates on several additional features, such as the
areas of the sacrum, iliacus, situs, and hip joints, which may be
affected by image noise or may represent prospective new features
in the PXR. Further research on these novel imaging features is
urgently required.

DL models need to be trained using large-scale datasets to
achieve excellent performance, and CNNs are no exception. However,
because AS is an uncommon disease, obtaining a large-scale PXR
dataset is challenging. It is challenging to prevent underfitting
and overfitting of the model with an insufficient sample size
(25, 26). This affects the model’s generalization performance.
The most common problem encountered during CNN training
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FIGURE 7

Cumulative surgical risk curves. (A) Cumulative surgical risk curve for BASFI in the training dataset. (B) Cumulative surgical risk curve for BASFI in the test

dataset. (C) Cumulative surgical risk curve for BASDAI in the training dataset. (D) Cumulative surgical risk curve for BASDAI in the test dataset.

is overfitting. In this study, we employed several effective model
training strategies such as data augmentation (27), transfer learning
(28, 29), and ensemble learning (20, 30). To explore the optimal
ensemble DL model, based on the aforementioned strategies, we
conducted numerous comparison experiments, such as training
different architectures of CNN networks, training using datasets
of different sizes, and training using global and local images. The
5 fold cross-validation results revealed that the ensemble model
constructed using the top five models developed using the origin-
global dataset is the best option. Surprisingly, when the model
was trained using the distilled dataset, the performance in the
validation set improved; however, the performance in the test set
decreased. This may be because not all PXRs from a multicenter

are of high quality, and training the model by using only high-
quality images will result in its underperformance in generalization
to samples with diverse image qualities. This also demonstrates that
CNN training requires a large dataset with diversity rather than
a refined dataset with a small number of samples. Furthermore,
we found that although the results of the models trained using
different datasets differed, their final training results were quite
satisfactory. This suggests that our model training strategies are
quite robust and can be applied to similar studies in other
medical fields.

CNNs have been successfully employed for enhancing diagnostic
performance in a variety of medical imaging datasets, such as the
identification of aberrant electrocardiograms (19), early diagnosis
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FIGURE 8

Workflow diagram of our AI system. Our AI-assisted system enables a one-stop service for diagnosis and triage.

of biliary atresia (20), and detection of pelvic injuries (21). Robust
diagnostic models have been developed that, when used in clinical
scenarios, will drastically lower the rate of misdiagnosis. These
models are more effective than human experts. Unfortunately, the
greater diagnosis efficiency alone may not have a noticeable effect
on the patient’s prognosis. Doctors in developing nations and
underdeveloped regions may lack advanced diagnostic abilities. In
addition, they could be less informed about the disease’s severity
and clinical trajectory; this would lead to patients having a proper
diagnosis but failing to receive prompt and efficient treatment, which
is identical to a misdiagnosis or missed diagnosis. Therefore, in
this study, two clinical prediction models for AS were developed
to predict the clinical trajectory of the disease. To enhance the
performance of the models with a relatively small sample size, an
ensemble learning technique was also adopted for creating the clinical
prediction models. Two clinical prediction models, namely BASFI
prediction model and BASDAI prediction model, were constructed
to classify patients into high-and low-risk groups based on their
optimal cut-off values. The high-risk group is defined as patients
who were more likely to require surgical treatment for severe
spinal or hip lesions in a shorter period of time. We utilized
this definition of the high-risk group because in patients with

AS, spine or hip pathology is the primary factor contributing to
a deterioration in the quality of life, and surgery is ultimately
necessary when conservative therapy is ineffective at alleviating
symptoms. Therefore, the point in time when surgery is required
is an excellent indicator of a patient’s condition. Our clinical
prediction models enable early detection of the high-risk group and
patient triage via this node and enable individualized AS therapy.
Furthermore, the most logical distribution of healthcare resources
can be maximized by advising patients in the high-risk group to go
to specialized hospitals for specialized and individualized treatment
while providing the required treatments for patients in the low-
risk group.

In summary, we developed a comprehensive AI-assisted system
that combines AS diagnosis and clinical prediction. The proposed
ensemble DL model, which is presently the best ensemble DL model
in this field, is based on PXR images and has precision, recall, and
AUC values of 0.90, 0.89, and 0.96, respectively, on a multicenter
external validation set. The proposed clinical prediction model can
stratify patients with confirmed AS, identify high-risk patients among
them, and aid in bringing them to greater medical attention. This has
important ramifications for encouraging individualized AS therapy
and enabling sensible resource allocation in the healthcare system.
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FIGURE 9

AI-assisted system examples.

Methods

Patients and data collection

The Ethics Committee of the First Affiliated Hospital of Guangxi
Medical University authorized this multicenter study, and each
participant filled out a written consent form.

We collected 6,436 PXRs by using the electronic imaging system
of the First Affiliated Hospital of Guangxi Medical University
between March 2014 and April 2022. From three additional
centers’ electronic imaging systems, 600 PXRs were collected (Three
additional centers: the First People’s Hospital of Nanning, Wuzhou
Red Cross Hospital, People’s Hospital of Baise). Patients who satisfied
the diagnostic standards of the modified New York criteria (3) were
included in the AS group, and the PXRs of patients with a diagnosis
of non-AS were used as controls. Two radiologists with more than
10 years of PXR reading expertise assessed the initially included PXR
images to weed out those that had an inadequate imaging quality.
Finally, 2,015 PXRs from the AS group and 3,374 PXRs from the non-
AS group from our hospital were used. A total of 238 PXRs in the AS
group and 301 PXRs in the non-AS group from other centers were
included. The data collecting process is depicted in Figure 10A.

We retrospectively gathered the data, including general
information, epidemiological indicators, clinical indicators,
laboratory results, and imaging scores, of 585 patients with
confirmed AS in our hospital by using the electronic case system
and electronic imaging system to construct a clinical prediction
model for AS. Comprehensive data were available for 356 patients.
The aforementioned patients were randomly divided into a training
set and a test set in the ratio of 7:3. Table 2 lists the information
regarding the patients in the training and test sets, and the data
collection flowchart is displayed in Figure 10B.

Subgroups of training set images

To assess the robustness of the proposed ensemble DL model and
determine the optimal model, the training set was processed further.
First, the training set samples were distilled; a portion of the images
with lower image quality was removed, and the images with higher
image quality were retained and used to construct the new training
set. Two radiologists with 10 years of PXR reading expertise evaluated
the image quality. Next, a new training set with a sample size of 3,905
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FIGURE 10

Model construction flow charts. (A) Ensemble DL model construction flow chart. (B) Ensemble ML models construction flow chart.

was obtained, with 1,572 cases in the AS group and 2,333 cases in the
non-AS group. Images with bounds in four directions just slightly
beyond the sacroiliac joint were used for training to compare the
effects of local images of the sacroiliac joint vs. global images of PXR
on the training of the model. Finally, four training sets were obtained:
global image training set before distillation, local image training set
before distillation, global image training set after distillation, and local
image training set after distillation.

Ensemble DL model training and internal
validation

We constructed an AI-assisted model for AS diagnosis
by using deep CNN and ensemble learning. First, single
CNN models were developed in the training set, and a
total of ten distinct CNN models were trained: ResNet50,
ResNet50_vd_ssld, MobileNetV3_small_ssld, DenseNet201,
ResNet101_vd_ssld, MobileNetV3_large, MobileNetV3_large_ssld,
MobileNetV3_small, DarkNet53, and Xception41. For
more information on the models discussed in our
search results, please refer to the PaddleX Model Zoo at
https://paddlex.readthedocs.io/zh_CN/release-1.3/appendix/model_
zoo.html. This page contains a comprehensive list of the various
models available, along with detailed descriptions, usage examples,
and performance metrics.

Before entering the CNN network, we preprocessed the images
as follows to implement data augmentation in order to increase
the robustness of the model training: 1. Resize the image to a new
image with a short edge length of 512 pixels, according to the

original scale; 2. Randomly crop a region of 224 pixels in width
and height on the new image; 3. Perform random rotation, random
horizontal inversion, random vertical inversion, and normalization
operations on the crop region. However, for the validation and test
sets, we removed the above image augmentation operations and
simply resized the original image into a new image with a short edge
of 256 pixels at the original scale, cropped the center region of the
new image with a width and height of 224 pixels, and performed the
normalization operation afterwards.

We employed a 5 fold cross-validation approach for internal

validation throughout model training to assess the resilience of the

process. The training set was randomly divided into five equal-sized,

non-overlapping subsets. Four of these subsets were used to train
the model during each training session, while the fifth subset was
used to validate the model. The above process was repeated five

times; the metrics used for validation included accuracy, precision,
recall, AUC, and F1 score. In addition, transfer learning (28, 29) and

data augmentation (27) were used to increase the accuracy of the
models. All the models were pretrained on ImageNet-1 k before being
trained on our training set, and the training samples were randomly
rotated, cropped, horizontally flipped, and vertically flipped. The
training and validation sets of images underwent standardization.
The top five models in terms of AUC during internal validation were
then used to create an ensemble DL model by using an ensemble
learning technique. We employed two ensemble approaches. One
included calculating the final prediction probability by averaging the
output prediction probabilities of the fivemodels. The other approach
involved assigning each of the five models a distinct weight based on
their AUC values, averaging the output probabilities with the weights,
and using the weighted average as the final prediction probabilities.
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Four training sets were used in this study, and all the models were
trained using the aforementioned method. For each training set, the
best model was selected, and the four models were compared to
determine the best one.

External validation of ensemble DL models
and comparison with human experts

We used 539 PXRs from three additional clinical centers as an
external test set for multicenter external validation of the proposed
ensemble DL model for assessing the model’s generalization ability.
The evaluation metrics included accuracy, precision, recall, AUC,
and F1 score. We utilized the diagnostic outcomes of human experts
as a benchmark to more accurately assess the model’s performance.
Without seeing any patient’s PXR beforehand and without having
access to the patients’ basic information or clinical data, two
radiologists withmore than 10 years of expertise in interpreting pelvic
X-rays reviewed 539 PXRs. Then, the accuracy, precision, recall,
AUC, and F1 scores of the ensemble DL models and the human
expert were compared. Next, to assess the performance of the human
expert with the assistance of themodel, we combined the results of the
human expert and the model’s evaluation. The method is as follows:
whenever a human expert or the model judges the PXR to be AS,
the final result is recorded as AS; otherwise, it is recorded as non-AS.
The accuracy, precision, recall, AUC, and F1 scores were calculated
separately for the two experts aided by the model.

We used the NORMLIME approach, which enhances the LIME
(31) method and is an advanced way of model interpretation to
visualize the inference process of each submodel in the ensemble DL
model to validate the model performance. By dividing the image into
superpixel blocks and observing the superpixel blocks that the model
deems to be most relevant, the reliability of the model judgment
was evaluated.

Ensemble DL model validation on
smartphone-captured images

To assess the model’s performance on the smartphone-captured
images, we snapped an image of each PXR in the external validation
set by using a smartphone and assembled a test set of the resulting
images. The images were captured such that as many aspects of
the original image were preserved as possible. For example, the
shooting angle and proximity to the computer screen were adjusted
to minimize the difference between the original image displayed
on the phone and the computer. The metrics evaluated for the
model included accuracy, precision, recall, AUC, and F1 score. To
evaluate the diagnostic efficacy of the expert in combination with the
model while using smartphone-captured images, the aforementioned
metrics were also examined for the expert’s model-aided predictions.

Training and validation of clinical prediction
models

The 356 patients included in the study were randomly divided
into a training set and a test set in the ratio of 7:3. The test set was

utilized for external model validation, whereas the training set was
used for model construction and training. BASFI, BASDAI, whether
to undergo surgery and time to first surgery were not included
in the model construction as these are variables for assessing the
outcome. Four ensemble models based on decision tree models were
used to compute the importance of each variable. The importance
determined from the four models was then added to determine the
importance of each variable. We selected the top seven important
variables for modeling and used them for training six single ML
models before they were standardized. Following standardization,
the variables were used for training the six models as previously
mentioned. The variables following standardization were then used
to train four ensemble ML models. All six models were trained
using 10 fold cross-validation to ensure the robustness of the model
evaluation outcomes. We constructed two prediction models: the
BASFI prediction model and the BASDAI prediction model. The
grid search technique was used to select the hyperparameters of
the models. The MSE for each model was compared. To create the
final ensemble ML models, the top four models were selected and
combined using the stacking approach. The test set was used to
evaluate the ensemble models, and the MSE values were computed.

Identification of high-risk groups among
patients with AS

In accordance with the survival analysis approach, we identified
the first surgical procedure as the end event and the interval between
the patient’s initial visit and the first surgical procedure as the time
without surgery. By finding the best difference between the data on
each side of a point in the training set, we obtained the optimal
cut-off values for BASFI and BASDAI by using log-rank tests. The
R packages “survival” and “suivminer” were used to complete this
operation. For BASFI and BASDAI, the optimal cut-off values in the
training set were 3.6 and 2.1, respectively. According to the ideal cut-
off values, the patients with AS were divided into high and low BASFI
groups or high and low BASDAI groups, respectively, to investigate
the cumulative surgical risk curves. Because the cumulative surgical
risk for patients in the high BASFI group and high BASDAI group
increased more rapidly, they were classified as a high-risk group. In
the test set, patients were separated into high-and low-risk groups
based on the predicted values of the two models by using the optimal
cut-off values from the training set and the cumulative surgical risk
curves. A p-value of <0.05 for the log-rank tests for the two models
indicated that the models can successfully divide the test set’s patients
into high-and low-risk subgroups.

Statistical analysis

The Delong test (32) was used to compare the AUC values.
Different kappa value ranges indicate various degrees of agreement.
Kappa (20) values of <0.20, 0.20 to <0.40, 0.40 to <0.60, 0.60
to <0.80, and 0.80–1.00 indicate poor, moderate, fair, good, and
very good agreement, respectively. A two-sided p-value of less
than 0.05 was regarded as statistically significant in all statistical
tests. The AS clinical prediction models were trained using the
“sklearn” library in Python 3.7, and the ensemble DL models were
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trained using the “paddlex” library. The “streamlit” library was
used for the model deployment. Multiple interpolations performed
using the “mice” package of R were added to the data used to
construct the clinical prediction models. To plot cumulative surgical
risk curves, the “survival” and “survminer” packages of R were
used [AI Studio’s cloud servers are used to train DL models
(https://aistudio.baidu.com). All DL models are trained on NVIDIA
Tesla V100 Graphic Processing Unit (GPU)].
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