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Application of artificial intelligence in the
diagnosis of spinal infectious diseases

A review of diagnostic and differential diagnostic performance
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Abstract \

Spinal infectious diseases can lead to severe disability and adverse outcomes without timely and accurate diagnosis and
treatment. Artificial intelligence (Al) and deep learning (DL) have brought new progress to imaging-based diagnosis of spinal
infectious diseases. This review aimed to evaluate the diagnostic and differential diagnostic performance of Al models for
spinal infectious diseases. A systematic literature search was performed in PubMed, Web of Science, and Embase for
studies published between 2018 and 2026. Eligible studies focused on Al or DL models for detecting or differentiating
spinal infectious diseases, and data including sensitivity, specificity, accuracy, and area under the receiver operating
characteristic curve were extracted and analyzed. A total of eight studies were included. Al models showed generally
favorable efficacy in the identification and differential diagnosis of spinal infections. For differentiating tuberculous spondylitis
(TS) from brucellar spondylitis (BS), sensitivity ranged from 0.588 to 0.940 and specificity from 0.679 to 0.964. Most
models were based on magnetic resonance imaging (MRI) or computed tomography (CT) and achieved high diagnostic
accuracy, but the majority were retrospective, single-centered, and lacked large-scale external validation. Al serves as a
reliable auxiliary tool for the rapid and accurate diagnosis of spinal infectious diseases, especially when combined with
advanced imaging techniques. However, further multicenter, prospective validation is required before widespread clinical
application. Al should complement rather than replace clinical expertise in routine diagnostic workflows.

Abbreviations: Al = artificial intelligence, AUC = area under the curve, CT = computed tomography, DL = deep
learning, MRI = magnetic resonance imaging, ROC = receiver operating characteristic.
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1. Introduction features are a challenge because of the difficulty to dif-
ferentiate them from other conditions, such as degener-
ative and inflammatory disorders and spinal neoplasm.!!!
On the basis of the pathogen, bacterial spinal infections
can be either pyogenic or granulomatous, such as tuber-
culosis or brucellosis.l?! According to the classification of
pathogens, the types of spinal infection include pyogenic
bacterial infection, specific infections such as tubercu-
losis, brucellosis, and fungal infections, as well as other
rare pathogenic infections such as viral and parasitic

Spinal infections represent a group of rare conditions
affecting vertebral bodies, intervertebral discs, paraspinal
soft tissues, epidural space, meninges, and spinal cord.
The causal factors, clinical presentations, and imaging
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technical architectures, they can be categorized into tra-
ditional machine learning models and deep learning (DL)
models centered on neural networks. DL further includes
typical structures such as convolutional neural net-
works (CNNs), recurrent neural networks (RNNs), and
transformers. According to application tasks, they can
be divided into natural language processing, computer
vision, speech processing, multimodal, and recommenda-
tion system models. According to functional characteris-
tics, they can be distinguished into discriminative models
for judgment and prediction, and generative models for
content generation. In addition, based on model scale and
application scenarios, they can also be divided into ded-
icated small models for single tasks, large models with
general capabilities, and domain-specific models for med-
ical, financial, and other vertical fields, which together
form the technical system of Al. DL-based image analysis
not only matches the performance of traditional radio-
logical approaches but, in specific clinical scenarios, has
been shown to rival or even exceed expert-level diagnos-
tic accuracy.!

This review aims to analyze the current literature on the
use of Al and DL models for the detection of spinal infec-
tious diseases. By examining the performance of these Al
models, we seek to clarify their advantages and limita-
tions, as well as explore their prospects and development
directions, to better meet the needs of clinical practice and
scientific research.

2. Material and methods
2.1. Literature search strategy

A systematic search was conducted in the PubMed, Web
of Science, and Embase databases. It was conducted
to identify studies on applying Al and DL models for
detecting spinal infectious diseases. The search strategy

Spine Research

included a combination of Medical Subject Headings
terms and keywords, such as “artificial intelligence,”
“deep learning,” «
nostic imaging.”

2

spondylitis,” “infections,” and “diag-

2.2. Study selection

The initial search yielded 11 records. After screening the
titles and abstracts, one document was excluded. After
analyzing the specific content of the remaining eight arti-
cles, two more documents were excluded. The follow-
ing inclusion criteria were used: The study population
comprised patients with suspected or confirmed spinal
infections. The intervention involved the use of Al or DL
models for the detection of spinal infections. The study
compared the performance of Al models with that of
radiologists or mature Al diagnostic models. The study
outcome measures were diagnostic accuracy metrics.
The study designs included diagnostic studies, prospec-
tive studies, retrospective studies, and randomized con-
trolled trials evaluating the performance of AI models.
The excluded documents were those that did not involve
spinal infectious disease detection, discussed generative
Al ' models (ChatGPT) unrelated to radiology, and focused
solely on image dataset algorithms, data science, or math-
ematical models. The literature screening process is pre-
sented in Figure 1.

2.3. Data extraction

The data included study characteristics: author, year,
country of origin, sample size, and population demo-
graphics; imaging modality: MRI, CT; Al model type:
models such as CNNj performance metrics: area under
the receiver operating characteristic curve (AUC), sensi-
tivity, specificity, accuracy, recall, and F-score.

Searching on PubMed (7 =11) , Web of

Science (7= 0) , Embase database (n=0)

1

Records screened (2= 10)

1]

Records screened (2= 8)

1 was excluded based on the title and

abstract (2= 1)

2 additional articles were excluded

after reviewing the full texts (7= 2)

Figure 1. Literature screening process.
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3. Results
3.1. Study selection

Initially, a literature search was conducted using the key-
words “spondylitis,” “infections,” “diagnostic imaging,”
and “artificial intelligence,” which retrieved 11 articles.
After screening the titles and abstracts, two articles were
excluded. Additionally, another article was excluded
because it used a generative Al model unrelated to imag-
ing. Eventually, a total of eight articles were included in

this review.

3.2. Study characteristics

The included studies were published between 2018 and
2026, with sample sizes ranging from 94 to 1,027. Most
of the studies (six out of eight) used MRI as the primary
imaging method, while one study used CT as the main
imaging method. These studies were mainly conducted
in East Asia, including six in China, one in Republic of
Korea, and one in Japan. CNNs were the dominant type
of Al models. Table 1 presents the basic information of
these studies, including nationality, year, sample size,
imaging techniques used, names of Al models, and so on.

3.3. Performance of Al models

The AI models assessed in this review demonstrated a
wide range of diagnostic performance with variability in
AUC, sensitivity, specificity, accuracy, recall, and F-score.

3.3.1. Sensitivity. Sensitivity is an indicator used to
evaluate the strength of a model’s ability to avoid missed
diagnoses, with a range from 0.588 to 0.940. ResNet101
exhibits the lowest sensitivity. After combining the
radiomics model, the clinical model, and the DL model
into the DLRN model (a model for differential diagnosis
of tuberculous spondylitis [TS] and pyogenic spondylitis
[PS]), its sensitivity reaches 0.588. On the contrary, in the
model for differential diagnosis of PS and Modic change,
CNN alone achieved a sensitivity of 0.940.

3.3.2. Specificity. Specificity is an indicator for evaluating
the ability to avoid misdiagnosis, and its range is between
0.679 and 0.964. In the model for differential diagnosis
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of TS and PS, the deep convolutional neural network
(DCNN) showed the lowest specificity, which was 0.625.
Instead, the DLRN model (ResNet101), which had the
lowest sensitivity, achieved the highest specificity of 0.964.

3.3.3. Accuracy. Overall, the accuracy ranges from
0.732 to 0.942. Among these models, the VGG19 model,
specifically designed for distinguishing TS from brucellar
spondylitis (BS), achieved the lowest accuracy of 0.732,
while the CBAM-ResNeXt model, which is specialized in
the differential diagnosis of spinal tuberculosis and BS,
obtained the highest accuracy of 0.942.

3.3.4. Recall. The recall plays an important role in
determining whether there is a missed diagnosis. Not all
the studies mentioned provide data on the recall rate;
however, among them, the CBAM-ResNeXt model,
which does provide this data, has a recall rate of 0.937.
This indicates that the probability of missed diagnosis
with this model is extremely low.

3.3.5. F1-score. The Fl-score is a comprehensive metric
that combines precision and recall. It can more objectively
measure a model’s ability to balance between “reducing
misjudgments” and “not missing target cases.” In two
studies on the differential diagnosis of spinal tuberculosis
and spinal brucellosis, the CBAM-ResNeXt model
achieved a score of 0.938, while the VGG19 combined
model obtained a score of 0.805. This indicates that
both models play an important role in reflecting the true
positive rate and reducing the false positive rate.

3.3.6. Area under the ROC curve. The AUC value
reflects the discriminative ability of a model. A value of
0.5 indicates random classification, which is meaningless.
When the value is greater than 0.5, the closer it is to 1.0,
the stronger the discriminative ability of the model. In
the model for differential diagnosis of spinal tuberculosis
and BS, the VGG19 combined model achieves the highest
AUC value of 0.973, the CBAM-ResNeXt model has an
AUC value of 0.953, and the Rad + ResNet34-SR model
has an AUC value of 0.952. Additionally, the CNN
model for differential diagnosis of spinal Modic changes
and spinal pyogenic infection obtains an AUC value of
0.950. The VGG19 model achieves the lowest AUC value

Basic characteristics of the included studies

Study Year  Nationality = Sample size Population Imaging Al model

Wang et al.® 2025 China 94 Patients with TS or BS CT ResNet34, ResNet18

Chen et al.® 2024 China 383 Patients with TS or BS MRI VGG19, VGG16, ResNet18, DenseNet121
Wang et al.¥ 2025 China 310 Patients with TS or BS MRI CBAM-ResNeXt

Yang et al.” 2025 China 147 Patients with TS or PS MRI ResNet101

Kim et al.® 2018 Korea 161 Patients with TS or PS MRI DCNN

Mukaihata et al.® 2022 Japan 100 Patients with PS or Modic change MRI CNN

Song et al.l"” 2026 China 235 Patients with TS or BS MRI VGG19

Sen et al.™ 2026 China 1,027 Patients with TS cT ResNet50

Al = artificial intelligence, BS = brucellar spondylitis, CNN = convolutional neural network, CT = computed tomography, DCNN = deep convolutional neural network, MRI =

magnetic resonance imaging, PS = pyogenic spondylitis, TS = tuberculous spondylitis.
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The performance of Al models

Study Al model Function AUC  Sensitivity Specificity Accuracy Recall F1-score Limitations
Wang et al.®)  ResNet34, Differentiating TS 0.952 0.909 0.941 0.929 Lack of prospective, multi-
ResNet18 and BS with CT center, and confirmatory
studies
Chenetal® VGG19,VGG16, Differentiating TS 0.973 0.900 0.944 0.921 0.923  Contrast agent allergy
ResNet18, and BS with MRI and lack of external
DenseNet121 validation
Wang et al.”  CBAM-ResNeXt Differentiating TS 0.953 0.948 0.942 0.937  0.938 Limited sample size and
and BS with MRI restriction to only two
types of infections
Yang etal.”  ResNet101 Differentiating TS 0.859 0.588 0.964 0.833 Limited sample size
and PS with MRl
Kimetal®  DCNN Differentiating TS 0.802 0.850 0.679 0.764 Lack of external validation
and PS with MRI and prospective studies
Mukaihata ~ CNN Differentiating PS 0.950 0.940 0.900 0.920 Not all patients with
etal.® and Modic with Modic changes were
MRI diagnosed using biopsy
cultures
Song et al.'” VGG19 Differentiating TS 0.765 0.732 0.805  Limited types of infections
and BS with MRI
Senetal.  ResNet50 Differentiating TS 0.941 0.843 0.790 Selection bias
with CT

AUC = area under the ROC curve, BS = brucellar spondylitis, CNN = convolutional neural network, CT = computed tomography, DCNN = deep convolutional neural network, MRI =

magnetic resonance imaging, PS = Pyogenic Spondylitis, TS = Tuberculous Spondylitis.

of 0.765. This data indicates that these models possess
strong capabilities and significant clinical potential in
differential diagnosis.

The performance of Al models is listed in Table 2.

4. Discussion

This systematic review assesses the diagnostic perfor-
mance of Al models in detecting spinal infection dis-
eases based on eight studies published between 2018
and 2026. It includes three studies on differentiating
spinal tuberculosis from BS, two studies on differenti-
ating spinal tuberculosis from pyogenic spondylitis, and
one study on differentiating pyogenic spondylitis from
spinal Modic changes. Diagnostic imaging mainly uses
MRI, with two studies employing CT scanning. MRI is
considered the gold standard due to its superior ability
to visualize soft tissue structures and assess the extent of
infection.["?l Among MRI applications, the T2 sequence is
most commonly used, while some studies also adopt mul-
tisequence imaging. The results show that the diagnos-
tic accuracy of multisequence models is higher than that
of single-sequence models. The study using CT applied
SR-CT (super-resolution CT) to perform fine processing
on patients’ images, and the results also indicated that
the higher the quality of the images, the more accurate
the diagnosis of the AT model. Meanwhile, some Al mod-
els have incorporated clinical data for training, and the
outcomes of integrating clinical data vary across differ-
ent studies. In Chen et al.l’! after the VGG19 combined
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model® was trained with the inclusion of age, gender, site
of spinal infection, and number of involved vertebrae, the
model’s AUC value decreased from the original 0.973 to
0.912, its sensitivity dropped from 0.900 to 0.850, and its
specificity fell from 0.944 to 0.861. This study holds that
this may be because the DL models we constructed had a
strong ability to diagnose TS and BS, and relatively sim-
ple clinical information did not benefit the DL models!®!.
However, in Yang et al.l”? when DLR!" model was com-
bined with clinical data, including details such as routine
blood test results and a variety of imaging features from
the DLRN®I model, its diagnostic performance achieved
a significant improvement. These two distinctly different
results may indicate that whether the inclusion of clini-
cal data in an Al model improves its diagnostic perfor-
mance could be influenced by a variety of factors, such
as the performance of the model itself and the correlation
between the clinical data and the corresponding disease.
This requires further research and verification.

Al integration into clinical workflows offers several
potential advantages. In particular, the application of Al
in radiology can augment diagnostic processes by pro-
viding automated decision support, improving diagnos-
tic speed, and reducing human error.'3 Al is a vast field
that includes a variety of methodologies, such as com-
puter vision, natural language processing, and machine
learning.!"* AT can increase the value that musculoskeletal
imagers provide to their patients and to referring clini-
cians by improving image quality, patient centricity, imag-
ing efficiency, and diagnostic accuracy.™! Although the
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number of Al models specifically developed for the diag-
nosis of spinal infectious diseases is currently relatively
small, AT has already played a significant role in the diag-
nosis of other orthopedic conditions, such as automati-
cally detecting and classifying lumbar spinal canal, lateral
recess, and neural foraminal stenoses on lumbar spine
MRI scans,!'®'7! classification of vertebral fractures,!'$!!
evaluation of intervertebral disc degeneration,”® and dif-
ferential diagnosis of spinal tumors and inflammatory
lesions.”?! It can thus be seen that the application of Al
in the future medical field is absolutely indispensable and
will be involved in the diagnosis and treatment of more
diseases.

Al and machine learning technology play a crucial role
in drug discovery and development.l?”) The most com-
mon applications of Al in drug treatment have to do with
matching patients to their optimal drug or combination of
drugs, predicting drug-target or drug—drug interactions,
and optimizing treatment protocols.?’! Al algorithms
can analyze medical imaging data, such as X-rays, CT
scans, and MRI, to detect abnormalities and assist in
early disease detection.?* This capability translates to a
significantly reduced chance of misdiagnosis and leads
to better patient outcomes.”*! Also, Al-powered virtual
applications can analyze an individual’s health data,?
including their genetics,?®! medical history,?”! lifestyle fac-
tors,?8) and current health status, to create personalized
treatment plans.'?’! Al also holds significant importance in
the selection of drug targets. Al has been used to predict
drug-target interactions,/*”’ measure the binding affinity
of a drug,” and select and validate targets.*" By explor-
ing interactions between drugs and their targets, Al can
predict combinations that exhibit enhanced therapeutic
effects while minimizing adverse reactions.3?

Al can also play an essential role in training and educa-
tion. Radiology trainees and early-career clinicians could
benefit from Al-assisted tools that provide instant feed-
back on image interpretation.!"*! For clinicians and medi-
cal students, the emergence of Al can help them learn the
imaging features of more diseases even when they have not
been exposed to many real cases. Moreover, when junior
doctors are not sensitive to the early imaging changes of
some spinal infections, Al can also assist in the early iden-
tification of diseases to avoid serious consequences.

Al is significantly transforming surgery by enhancing
precision, decision-making, and patient outcomes.??!
Before surgery, Al analyzes medical records and imaging,
offering personalized treatment plans and risk assess-
ments to optimize planning.’**! During surgery, Al
monitors in real-time, identifies key structures, and helps
surgeons perform precise operations, reducing errors.>*-3$
After surgery, Al monitors recovery, predicts and prevents
complications, and improves care quality.?**) Surgeons,
working with data scientists, use Al to capture and inter-
pret new clinical data. This improves surgical techniques
and enhances patient care.*'=*

Although many AI models currently match or even
surpass professional doctors in diagnostic performance,
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especially in the field of medical imaging, doctors must be
proficient in utilizing Al rather than allowing it to replace
their own thinking or remaining unaware of the underly-
ing logic behind AI’s judgments. One concern with Al is
the “black box” problem, where the underlying reasoning
behind Al outputs is unclear.**! This requires both doctors
and Al models to make progress: Al models should also
train and update their standards based on the latest and
most accurate diagnostic evidence, while doctors need to
provide more accurate data and samples for Al based on
actual clinical situations. Only in this way can the healthy
development of Al in the medical field be promoted.

This article reviews the research status and clinical
application progress of Al models in the diagnosis of spi-
nal infections, but certain limitations still exist:

First, most of the studies included in this review are
single-center, retrospective observational studies.

Second, the standards for the construction and validation
of Al models in the existing literature are not yet unified.

Third, studies on clinical applicability remain insuffi-
ciently in-depth. Most studies focus on indicators such
as diagnostic accuracy, while explorations of model inter-
pretability, impact on clinical decision-making, health
economic benefits, and integration into real clinical work-
flows are limited.

In addition, this review did not conduct detailed strati-
fied analyses of subgroup differences across different eti-
ologies, disease stages, and imaging equipment conditions.

5. Conclusion

This article systematically reviews the imaging-based
models for diagnosing spinal infectious diseases con-
structed in eight studies published from 2018 to 2026,
among which CNNs are the most common. These models
serve different functions, and their diagnostic performance
is generally on par with or even superior to that of pro-
fessional doctors, demonstrating great clinical potential.
However, most of these studies have small sample sizes
and lack external validation and multicenter validation,
which requires further research. For models mainly used
for imaging diagnosis, their performance varies signifi-
cantly after incorporating different types of clinical data.
Clinicians should further identify clinical data that have a
higher correlation with disease diagnosis and improve the
quality of medical images; only then can the performance
of Al models be enhanced. Al should not replace doctors
but rather assist them in diagnosis and treatment.
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