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Accuracy of artificial intelligence in detecting
tumor bone metastases: a systematic review
and meta-analysis
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Abstract

Background Bone metastases (BM) represent a prevalent complication of tumors. Early and accurate diagnosis,
however, is a significant hurdle for radiologists. Recently, artificial intelligence (Al) has emerged as a valuable tool to
assist radiologists in the detection of BM. This meta-analysis was undertaken to evaluate the Al diagnostic accuracy for
BM.

Methods Two reviewers performed an exhaustive search of several databases, including Wei Pu (VIP) database, China
National Knowledge Infrastructure (CNKI), Web of Science, Cochrane Library, Ovid-Embase, Ovid-Medline, Wan Fang
database, and China Biology Medicine (CBM), from their inception to December 2024. This search focused on studies
that developed and/or validated Al techniques for detecting BM in magnetic resonance imaging (MRI) or computed
tomography (CT). A hierarchical model was used in the meta-analysis to calculate diagnostic odds ratio (DOR),
negative likelihood ratio (NLR), positive likelihood ratio (PLR), area under the curve (AUC), specificity (SP), and pooled
sensitivity (SE). The risk of bias and applicability were assessed using the Prediction Model Risk of Bias Assessment Tool
(PROBAST), while the Transparent Reporting of a multivariable prediction model for individual prognosis or diagnosis-
artificial intelligence (TRIPOD-AIl) was employed for evaluating the quality of evidence.

Result This review covered 20 articles, among them, 16 studies were included in the meta-analysis. The results
revealed a pooled SE of 0.88 (0.82-0.92), a pooled SP of 0.89 (0.84-0.93), a pooled AUC of 0.95 (0.92-0.96), PLR of 8.1
(5.57-11.80), NLR of 0.14 (0.09-0.21) and DOR of 58 (31-109). When focusing on imaging algorithms. Based on ML, a
pooled SE of 0.88 (0.77-0.92), SP 0.88 (0.82-0.92), and AUC 0.93 (0.91-0.95). Based on DL, a pooled SE of 0.89 (0.81-
0.95), SP 0.89 (0.81-0.94), and AUC 0.95 (0.93-0.97).

Conclusion This meta-analysis underscores the substantial diagnostic value of Al in identifying BM. Nevertheless,
in-depth large-scale prospective research should be carried out for confirming Al's clinical utility in BM management.
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Introduction

Bone metastases (BM) represent a common cancer
complication [1]. Research indicates that approximately
350,000 people in the United States die each year due
to BM [2]. Following metastases to the liver and lungs,
bone is the next most common site for distant cancer-
ous spread. BM primarily affects the axial skeleton, spe-
cifically the thoracic and lumbar vertebrae [3, 4]. Autopsy
studies show that the BM incidence varies among dif-
ferent cancer types. Following prostate cancer at 68%
and thyroid cancer at 42%, breast cancer has the highest
prevalence rate at 73% [4—6]. BM triggers skeletal-related
events (SREs), including spinal cord compression, hyper-
calcemia, pathological fractures, and pain [6, 7]. BM is
widespread in patients with advanced cancer [8] and is
challenging to treat [9]. However, anticancer treatments
through integrated management typically control disease
progression and mitigate the effects of BM on physical
function. This approach should incorporate bone-tar-
geting agents (BTAs) and appropriate local treatments
including specialist palliative care, orthopaedic surgery,
and radiation therapy [10, 11]. At present, studies [12—
14] have reported immunotherapy related to tumors. The
relationship between microbiota and disease is receiving
increasing attention. As one of the diseases with frequent
BM, the development and treatment of prostate cancer is
closely related to the microbiota [15].

Given the aging population and increasing cancer inci-
dence rates, the challenge of addressing BM is expected
to significantly burden healthcare systems in the coming
years [16, 17]. Accurate early BM diagnosis shows high
importance in effective tumor staging, treatment plan-
ning, and prognosis assessment, placing a high impor-
tance on the role of radiologists [18]. Currently, CT and
MRI are the predominant imaging methods used in clini-
cal practice to detect BM. The primary advantages of CT
and MRI include their relatively low cost and minimal
radiation exposure. This study specifically focuses on the
use of Al for identifying tumor BM through CT and MRI
imaging. However, BM often presents similarly to other
conditions on these imaging modalities, such as islands
of bone, multiple myeloma (MM), and various osteolytic
lesions, making the image evaluation process challeng-
ing and prone to errors, potentially leading to missed
lesions and decreased SE [18]. Al is a branch of com-
puter science that focuses on creating systems capable
of executing activities usually needing human cognition
[19]. There is a growing body of research exploring AIs
potential as an adjunct tool in diagnosing tumor BM [20].
For instance, Noguchi et al. [21] developed a deep learn-
ing-based algorithm (DLA) that automatically detects
bone metastases across all scanned regions. This DLA
achieved an SE of 89.8% (44 of 49 cases) in the validation
set and 82.7% (62 of 75 cases) in the test set. Additionally,
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the SE of radiologists in detecting BM increased from
51.7 to 71.7% in lesion-based analysis and from 74.4 to
91.1% in case-based analysis. Xiong et al. [22] introduced
a machine learning (ML) classifier aimed at differentiat-
ing between vertebral metastasis and MM on lumbar
spine MRI, achieving a diagnostic accuracy of 0.815.
Despite several studies demonstrating AI's high accu-
racy in diagnosing BM, debates continue over whether
ML or deep learning (DL) algorithms perform better,
with mixed evidence from various studies. Despite the
potential of automated approaches to reduce errors and
enhance decision-making, there is still limited consensus
on their reliability in real healthcare settings. To address
these uncertainties, our research involved a comprehen-
sive systematic review and meta-analysis to analyze the
diagnostic capabilities of Al-based technologies in identi-
fying BM, covering all pertinent studies.

Materials and methods

Protocol and registration

This systematic review was registered with PROSPERO
(CRD: 42023452597). We conducted our study follow-
ing the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses of Diagnostic Test Accuracy Studies
guidelines [23-25].

Search strategy

We conducted a comprehensive search across multiple
databases including Ovid-Medline, Ovid-Embase, Web
of Science, Cochrane Library, CNKI, VIP database, Wan
Fang database, and CBM database from their inception
until December 2024. The objective was to identify stud-
ies that developed and/or validated Al algorithms and
models for detecting BM from malignancies. Our search
strategy utilized a combination of keywords and subject
terms such as “Artificial Intelligence,” “Random Forest,’
“Deep Learning,” “Radiomics,” “Support Vector Machine,’
“Decision Tree,” “Machine Learning,” “Bone and Bones,’
“Neoplasm Metastasis,” “Sensitivity, and “Specificity”
We also manually reviewed the reference lists of included
studies to uncover any potentially overlooked publica-

tions. Table S1 presents the detailed search strategy.

Study selection

We included studies that applied Al and radiomics to
diagnose and predict BM. The inclusion criteria were as
follows:

1. Study Types: Cohort studies (both prospective and
retrospective), case-control studies, and cross-
sectional studies.

2. Participants: patients with tumor BM.

3. Exposure: Diagnosis of BM based on imaging data
(CT/MRI) using Al algorithms.
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Reference Standard: Patients with a diagnosis of
BM confirmed by histopathology, radiology, and
clinical assessments.

4. Outcomes: Studies must report diagnostic
performance indices of the Al algorithms, such as
SE, SP, positive predictive value (PPV), negative
predictive value (NPV), PLR, NLR, DOR, or
accuracy. These metrics should help estimate the
true negative (TN), false negative (FN), false positive
(FP), and true positive (TP) values.

Exclusion criteria were as follows

1. Study Type Discrepancies: Exclusion of case reports,
reviews, conference abstracts, letters to the editor,
guidelines, etc. 2. Participant Incompatibility: Exclusion
of patients who did not undergo both CT and MRIL 3.
Inconsistent Exposure Factors: Exclusion of studies that
did not use CT/MRI imaging data for diagnosing bone
metastases. 4. Inconsistent Reference Criteria: Exclusion
of studies that did not use histopathology, radiology, and
clinical diagnosis as reference standards.

Data extraction

The data extraction process was independently carried
out by two reviewers (THM, ZZH) using predefined data
extraction tables. Any conflicts that arose were resolved
by a third reviewer (ZRR). The extracted information
from the included studies comprised:

1. Basic characteristics of the study (study design,
country, year of publication, authors),

2. Basic characteristics of the participants (sample size,
gender, age),

3. Model characteristics (sample sizes of training, test,
and validation sets, reference standards, type of Al
model, medical image type),

4. Diagnostic performance metrics: TP, TN, FP, FN.

We utilized Review Manager 5.3 to estimate missing data
based on the information available in the text or appendi-
ces of each study. For articles reporting multiple datasets
(e.g., test sets, validation, and training) concurrently, we
applied the method proposed by Liu et al. [26]. Method
I involved treating each dataset as an independent study
in the meta-analysis. Method II involved extracting the
highest accuracy data from each study for inclusion in
the meta-analysis.

Quality assessment

The risk of bias for each study was evaluated using the
PROBAST ([27]. This tool includes 20 questions divided
into four domains: participant selection, predictors,
outcomes, and analysis. Additionally, we assessed
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compliance with reporting guidelines using the TRIPOD-
Al [28, 29] checklist for multivariate prediction models.
TRIPOD-AI offers standardized guidance for report-
ing studies on prediction models, regardless of whether
they employ regression modeling or ML methods. This
checklist, comprising 27 items, is crucial for the trans-
parent reporting of prediction model development and
validation.

Meta-regression and subgroup analysis

We conducted meta-regression incorporating variables
such as sample size, image quality, age distribution, pro-
portion of female participants, imaging modality (CT/
MRI), algorithm type (DL/ML), use of external validation
data, and implementation of data augmentation tech-
niques. The algorithms were categorized into two groups:
DL algorithms, including Convolutional Neural Net-
works (CNN) and Deep Neural Networks (DNN), and
ML algorithms, including Voted Perceptron (VP), Ran-
dom Forest (RF), Naive Bayes (NB), Decision Tree (DT),
K-Nearest Neighbor (KNN), Artificial Neural Network
(ANN), Logistic Regression (LR), and Support Vector
Machine (SVM).

Subgroup analyses were performed separately based
on predetermined criteria and assessed for heterogene-
ity. These predefined subgroup analyses included fac-
tors such as imaging modality (CT vs. MRI), sample size,
unit of data (number of patients or lesions), whether data
enhancement was conducted, and type of study (single-
center vs. multicenter).

Sensitivity analysis

To further mitigate the impact of confounding bias,
we conducted sensitivity analyses using four distinct
approaches: employing the “leave-one-out” method to
individually exclude each study, excluding a study with
low adherence to TRIPOD-AI guidelines (<50%), exclud-
ing 3 studies with low risk of bias, and combining data
using two different methodologies proposed by Liu [26].

Data synthesis and analysis

We utilized MetaDiSc 1.4 (XI Cochrane Colloquium,
Barcelona, Spain) and the MIDAS module of STATA ver-
sion 16 (Stata Corp LP, College Station, USA) to com-
pute 2x 2 contingency tables in our study. MetaDiSc 1.4
was employed to detect any threshold effects. Initially,
we assessed the threshold effect using Spearman’s cor-
relation coefficient. As no threshold effect was observed,
we opted for the bivariate mixed-effect model [30]. Sub-
sequently, the following parameters were determined
along with their 95% confidence intervals (CIs): the Sum-
mary Receiver Operating Characteristics curve (SROC),
SP, PLR, NLR, DOR, and SE. The SROC curves serve as
meta-analysis tools that aggregate SE and SP data from
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various studies to evaluate the efficacy of diagnostic tests
comprehensively [31]. The AUC is a crucial measure of
the curve’s overall performance, ranging from 0 to 1,
where 0 indicates a complete failure of the test to cor-
rectly diagnose any cases, and 1 indicates flawless distinc-
tion between all cases and non-cases [32—-34]. We used
Q-tests and I? statistics to assess heterogeneity across
studies, with ”>50% and/or P<0.05 indicating high het-
erogeneity. Lastly, Fagan’s nomogram was employed to
examine the pre-test and post-test probability relation-
ship [35].

Publication bias

When the analysis included more than ten studies, pub-
lication bias was detected through Deek’s funnel plot
asymmetry test. The funnel plot illustrates publication
bias by depicting the relationship between the effect
size of each study and its precision, often expressed as
the reciprocal of the sample size or effective sample size
(ESS) [36]. Ideally, the funnel plot should be symmetrical;
an asymmetrical funnel plot may indicate the presence of
publication bias. We utilized Deeks’ Test—a regression-
based method—to assess the statistical symmetry of the
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funnel plot. An absence of publication bias can be indi-
cated by a p-value greater than 0.05.

Result

Selection of studies and characteristics

We initially retrieved a total of 5,300 articles, from which
1,239 were identified as duplicates. After screening the
remaining 4,061 articles by reviewing their titles and
abstracts, we excluded 3,970. We then assessed 91 full-
text articles in terms of eligibility, excluding 71 of them.
Consequently, 20 articles were included in the systematic
review. Of these, 16 studies (80%) [18, 20, 37—48] offered
sufficient data for constructing contingency tables and
were covered in the meta-analysis. Figure 1 presents the
process of literature screening.

Tables 1 and 2 present specific characteristics of the
20 studies published between 2019 and 2024. All stud-
ies were retrospective and utilized supervised learning
methods for analysis. Fourteen (70%) studies [18, 20,
37-46, 49-53] specifically focused on using AI meth-
ods to diagnose tumor BM. The remaining 6 (30%)
studies explored Als ability to differentiate BM from
other diseases; 4 (20%) studies [22, 45, 54, 55] addressed
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)
Records identified from database
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=
g Ovid Medline (n=813)
= Cochrane (n=46) . A .
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M
v y
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1]
=
=
&
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2 Not based on imaging (CT, MRI) (n=33)
= Reports of included studies Non-diagnostic BM (n=14)
=) (n=20)
=
L]
—

Fig. 1 PRISMA flow chart of the literature retrieval
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Table 2 Algorithm and data for the 20 included studies

Study Year Imaging Modality Model Output TP FP FN TN
Xiong [56] 2021 MRI ANN; RF; SVM; NB; KNN 108 10 5 55
Shi [47] 2023 cT XGBoost 73 1 3 60
Ozgul [57] 2023 cT LR; KNN; NB; ANN; RF; VP; SVM; DT 87 8 5 72
Noguchi [18] 2022 cT CNN 50 12 0 38
Liu [46] 2021 MRI U-net 14 3 2 15
Koike [20] 2023 cT InceptionV3 109 6 38 190
Huo [44] 2023 cT DCNN 21 4 3 22
Hong [43] 2021 cT RF 33 1 8 22
Hinzpeter [42] 2022 cT Gradient-boosted tree 32 4 9 37
Duan1 [40] 2023 MRI Resnet34; Resnet101; EfficientNet-B3; MVITV2 49 15 10 43
Chang [37] 2022 cT DCNN 57 3 3 57
Dong [39] 2021 MRI RF 13 8 3 25
Lee [45] 2023 cT RF 21 3 14 12
Kim [50] 2024 MRI U-net 150 39 25 490
Park [51] 2024 cT RF 33 7 7 49
Zhang [53] 2024 MRI SVM 28 1 10 3
Wang [52] 2023 MRI CNN / / / /
Filograna [41] 2019 MRI LR / / / /
Chen [38] 2022 cT SVM / / / /
Duan2 [49] 2024 MRI DL / / / /

differentiation between BM and multiple myeloma
(MM), one (5%) study [43] compared BM with bone
islands, and one (5%) study [40] differentiated spinal
metastases from spinal tuberculosis. Two (9.52%) studies
[38, 44] identified primary tumors as lung cancer, while 3
(15%) studies [39, 46, 53] identified prostate cancer. Four
(20%) studies [20, 37, 42, 50]did not specify the primary
tumor site. One (5%) study [51] reported gastric cancer
as the primary tumor. The remaining 10 (50%) studies
reported a variety of primary tumors, including those of
the lung, breast, thyroid, prostate, and stomach. Only 7
(35%) studies [18, 40, 43—45, 49, 50]compared the perfor-
mance of Al models with healthcare professionals on the
same test set. Nine (45%) studies [39-41, 46, 49, 50, 52,
53, 56] employed Al techniques for diagnosing BM using
MRI, while the remaining 11 (55%) studies [18, 20, 37,
38, 42-45, 47, 51, 57] used CT scans. Regarding model
validation, 4 (20%) studies [37, 49, 50, 51] utilized out-of-
sample data for external validation, and 7 (35%) studies
[18, 39, 40, 44, 46, 53, 56] conducted internal validation.
All reference standard forms were accepted for metasta-
sis diagnosis, predominantly pathologic diagnosis, with
a few studies using imaging tests such as PET-CT, MRI,
SPECT, and follow-up imaging as the reference standard.

Quality assessment

Adherence to TRIPOD reporting standards was vari-
able (Fig. 2a). Only three studies reported more than
70% of the items, and 3 studies reported less than 50%
of items (Table S2). None of the studies reported on the
following items: 3c, 11,14,18d, 19,27a, 27b. More than

50% of studies did not report on the following items:
8¢,9b,12 g,13, 18E,18f,22. Only 3 studies had low bias and
the rest had high bias according to PROBAST (Fig. 2b).
The primary factors contributing to this assessment were
the absence of external validation and the internal valida-
tion of models using small sample sizes (Table S3). Addi-
tionally, poor management of missing data was identified
as the most prevalent risk of bias (item 4.4), which was
not reported in any of the included studies.

Meta-analysis

Pooled detectability of Al performance in diagnosing tumor
BM

We applied Method I to extract data from 80 contingency
tables across 16 studies (refer to Table S4) for assessing
AT accuracy for diagnosing tumor BM. These tables pro-
vided comprehensive details necessary for our analysis.
We further analyzed data from these tables to generate
SROC curves (Fig. 3a). Diagnostic accuracy improves as
the summary estimate moves closer to the graph’s upper
left corner. The pooled SE was 0.87 (0.84-0.89), the
pooled SP was 0.81 (0.76—0.84), and the pooled AUC was
0.91 (0.88—0.93). Forest plots of SE and SP are presented
in Figure S1.

Using Method II, we obtained another ROC curve
(Fig. 3b), showing a pooled SE of 0.88 (0.82-0.92), SP
of 0.89 (0.84-0.93), AUC of 0.95 (0.92-0.96), PLR of
8.11 (5.57-11.80), NLR of 0.14 (0.09-0.21), and DOR of
58.64 (31.34—109.70) as shown in Figures S3-S4. How-
ever, this analysis indicated significant heterogeneity in
both SE and SP, with /2 values of 80.06 (70.90-89.22) and
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Fig. 2 Risk of bias assessment and quality assessment. a: Methodological quality assessment of the included studies using the TRIPOD-AI tool. Y, Yes for
reported; N, Not reported; X, not applicable. b: Risk of Bias for each study using PROBAST. Green, low; blue, unclear; and red high risk of bias

75.71 (63.95-87.47) respectively, and a p-value<0.01. To
evaluate the clinical utility of Al, we constructed a Fagan
nomogram (Figure S5). Assuming a 50% prevalence of
BM, the Fagan plots illustrated that the posterior proba-
bility of having BM is 89% following a positive test result,
and the probability of the absence of BM is 12% with a
negative test result.

Pooled detectability of Al and healthcare professionals in
diagnosing tumor BM

Seven studies compared the diagnostic performance of
AI with that of healthcare professionals; however, only 6

(30%) [18, 40, 43, 44, 45, 50] provided sufficient data (TP,
FP, EN, TN) to conduct a meta-analysis. In these stud-
ies, the diagnostic abilities of radiologists were assessed
against those of AI models using the same datasets (Fig-
ure S6). The Al models demonstrated a pooled AUC of
0.92 (0.89-0.94), SE of 0.86 (0.72-0.94), and SP of 0.86
(0.77-0.92). In comparison, radiologists achieved a
pooled AUC of 0.90 (0.88-0.93), SE of 0.83 (0.78-0.83),
and SP of 0.88 (0.80—0.93). The findings indicate that the
diagnostic performance of Al models was comparable to,
or better than, that of radiologists.
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Fig. 3 ROC curves of all studies included in the meta-analysis (16 studies). a: ROC curves of all studies included in the meta-analysis (16 studies with 80
tables). b: ROC curves of studies when selecting contingency tables reporting the highest accuracy (16 studies with 16 tables)
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Fig. 4 ROC curves of subgroup analyses. a: ROC curves of ML algorithm (9 studies). b: ROC curves of DL algorithm (7 studies)

Pooled Al performance in diagnosing tumor BM using DL or

ML

The meta-analysis results for different algorithms (DL or
ML) are illustrated in Fig. 4. The DL algorithm achieved
a pooled SE of 0.89 (0.81-0.95), with I of 77.83%, and SP
of 0.89 (0.81-0.94), with I* of 87.27%. The AUC was 0.95
(0.93-0.97). Forest plots for SE and SP are shown in Fig-
ure S7. The ML algorithm exhibited a pooled SE of 0.86

0.0

(0.77-0.92), with * of 83.60%, and SP of 0.88 (0.86-0.92),
with P of 47.49%. The AUC was 0.93 (0.91-0.95), with
corresponding forest plots displayed in Figure S8.

Pooled Al performance in diagnosing tumor BM using CT or
MRI
The meta-analysis of different imaging modalities (CT
and MRI) is depicted in Fig. 5. CT imaging showed a
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Fig. 5 ROC curves of subgroup analyses. a: ROC curves of CT imaging (10 studies). b: ROC curves of MRl imaging (6 studies)

pooled SE of 0.89 (0.79-0.94), with I* of 85.46%, and SP  with an I* of 35.10%. The ROC curves and forest plots
of 0.92 (0.87-0.95), with I* of 75.07%. The AUC was 0.96  for these measures are displayed in Figure S12. Studies
(0.94-0.97), and forest plots for SE and SP are presented  without data augmentation reported a pooled SE of 0.88
in Figure S9. MRI imaging reported a pooled SE of 0.87  (0.82-0.93) with an I* of 78.77%, SP of 0.87 (0.81-0.91)
(0.77-0.93), with 12 of 68.90%, and SP of 0.85 (0.76—0.92),  with an I? of 72.51%, and an AUC of 0.93 (0.91-0.95). The
with I of 81.43%. The AUC was 0.93 (0.90-0.95), with  corresponding ROC curves and forest plots are shown in

forest plots shown in Figure S10. Figure S13.
Analyzing the data based on the number of patients
Meta-regression resulted in a pooled SE of 0.86 (0.79-0.91) with an I of

The meta-regression analysis examined various covari-  47.45%, SP of 0.82 (0.76—0.88) with an * of 27.56%, and
ates including sample size, number of images, age, imag- an AUC of 0.91 (0.88-0.93). Based on the number of
ing modalities, data enhancement, external validation, lesions, the pooled SE was 0.90 (0.79-0.95) with an I* of
and algorithm type, as shown in Fig. 6. Notably, imaging ~ 88.15%, SP of 0.92 (0.87—0.95) with an * of 79.63%, and
modality and algorithm type were significant factors that an AUC of 0.96 (0.94-0.98). The ROC curves and forest
contributed to reduced specificity (p <0.01). Additionally,  plots for these metrics are shown in Figure S14.

imaging modality was a significant factor in reducing SE Subgroup analyses of multicenter and single-center
(p<0.05). studies revealed that multicenter studies had a pooled

SE of 0.79 (0.70-0.87) with an I of 77.08%, and a pooled
Subgroup analyses SP of 0.87 (0.70-0.94) with an I? of 88.49%. Single-center

The results of the subgroup analyses are presented in  studies reported a pooled SE of 0.90 (0.84-0.94) with an
Table 3. For studies involving fewer than 100 images, the ~ I* of 81.85%, a pooled SP of 0.90 (0.84—0.93) with an I* of
pooled SE was 0.84 (0.71-0.92) with an I? of 83.04%, SP  73.46%, and an AUC of 0.96 (0.93-0.97). The ROC curves
was 0.95 (0.88-0.98) with an I? of 79.23%, and the AUC  and forest plots for these measurements are displayed in
was 0.96 (0.94-0.98). For studies with more than 100  Figure S15.
images, the pooled SE was 0.89 (0.81-0.93) with an * of Studies with and without external validation also
79.50%, SP was 0.86 (0.81-0.90) with an /2 of 73.13%, and  showed differences. Studies with external validation had
the AUC was 0.93 (0.90-0.95). The ROC curves and for-  a pooled SE of 0.87 (0.83-0.91) with an I of 61.4%, and
est plots for SE and SP are shown in Figure S11. a pooled SP of 0.92 (0.90-0.94) with an I of 13.7%. The
In terms of data augmentation, studies employing corresponding ROC curves and forest plots are shown
this technique reported a pooled SE of 0.80 (0.74—0.85) in Figure S16. Studies without external validation had
with an I of 86.00%, and a pooled SP of 0.96 (0.93-0.97)  a pooled SE of 0.88 (0.80-0.93) with an I? of 82.49%, a
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Univariable Meta-regression & Subgroup Analyses
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Fig. 6 The forest includes studies in the meta-regression

pooled SP of 0.88 (0.82-0.92) with an I of 74.97%, and
an AUC of 0.94 (0.92—0.96). The ROC curves and forest
plots are displayed in Figure S17.

Finally, subgroup analysis based on different imaging
modalities indicated that in CT-based studies, the pooled
SE was 0.89 (0.79-0.94) with an I? of 85.46%, and SP
was 0.92 (0.87-0.95) with an I of 75.07%. In MRI-based

sample — —e—
picture — ——
age — —o—
femalinsample — —&—
**mri Yes | ——@——
No —| H—@—
augmentation Yes — —o—
No — —&—
externalvalidation Yes — e
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**dl Yes — ——
No | ——
T T
0.76 0.99

Specificity(95% Cl)
*p<0.05, **p<0.01, ***p<0.001

studies, the pooled SE was 0.87 (0.77-0.93) with an I? of
68.90%, and SP was 0.85 (0.76-0.92) with an I of 81.43%.

When we conducted the subgroup analysis, we
observed several notable trends. First, single-center stud-
ies demonstrated higher SE, SP, and DOR compared to
multi-center studies. Additionally, studies evaluating the
number of lesions reported higher SE, SP, and DOR than
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Subgroup No. of trials SE 12 SP 12 PLR NLR DOR
Picture
<100 4 0.84(0.71,092) 83.04 095(0.88,098) 79.23 16.80(6.80,41.49) 0.16(0.08,0.33) 102 (25,410)
>100 12 0.89(0.81,0.93) 7950 0.86(0.81,090) 73.13 641(441,9.18) 0.13(0.08,0.22) 119(38,364)
Data augmentation
With 3 0.80(0.74,0.85) 86.00 0.96(0.93,097) 3510 1575(7.8531.61) 0.18(0.09,0.37) 93(29,293)
Without 13 0.88(0.82,0.93) 7877 087(081,091) 7251 6.64(4.58,962) 0.14(0.08,0.22) 119 (39, 364)
Data unit
Based on number of patients 6 0.86(0.79,091) 4745 082(0.76,0.88) 2756 4.88(3.34,7.12) 0.18(0.11,0.27) 28(13,59)
Based on number of lesions 9 0.90(0.79-0.95) 88.15 0.92(0.87,0.95) 7963 11.70(7.23,18.95) 0.11(0.05,0.23) 104(45,237)
Type of study
Single-center 12 0.90(0.84,094) 8185 090(0.84,093) 7346 881(577,1345 0.05(0.02,0.11) 81(41,162)
Multicenter 4 0.79(0.70,087) 7708 087(0.74094) 8849 594(2.80,1259  0.24(0.15,0.38) 25(8,77)
External validation
With 3 0.87(0.83,091) 6140 092(090,094) 1370 10.68(6.84,16.67) 0.14(0.080.24) 82 (30,224)
Without 13 0.88(0.80,093) 8249 0.88(0.82,092) 7497 7.42(477,11.54) 0.14 (0.09,0.23)  52(25,109)
Imaging modality
cT 10 0.89(0.79,094) 8546 092(0.87,095 7507 10.79(6.66,1748) 0.12(0.060.23) 89 (38,204)
MRI 6 0.87(0.77,093) 6890 0.85(0.76,092) 8143 592(3.33,10.92) 0.15(0.08,030) 39(13,120)
those assessing the number of patients. Likewise, CT- Discussion

based studies exhibited greater SE, SP, and DOR levels
than MRI-based studies.

We also discovered that studies employing data
enhancement techniques exhibited lower SE and higher
SP relative to those not using data enhancement. Nota-
bly, in studies utilizing data enhancement, the heteroge-
neity of specificity was significantly reduced to 35.10%.
Furthermore, externally validated studies showed a
higher DOR (82 vs. 53) and greater specificity (0.92 vs.
0.88) compared to non-validated studies. These validated
studies also significantly reduced heterogeneity to almost
negligible levels (2 = 13.70% vs. 74.97%).

Sensitivity analysis

The sensitivity analysis results of Al diagnostic perfor-
mance are presented in Table S5. The analysis indicates
that the impact of omitting any individual study from
the overall estimation is relatively minor. Moreover, even
when 3 studies [37, 50, 51] with low risk of bias were
excluded, or one study with poor adherence to TRIPOD-
Al guidelines was excluded, the results remained stable.
Combining the data using two different methods, the
overall results were largely unaffected, indicating the
robustness of this meta-analysis.

Publication bias
The assessment using a funnel plot (Fig. 7) revealed no
evidence of publication bias (p=0.29 >0.05).

This systematic review and meta-analysis represents the
first effort to evaluate the accuracy of Al in diagnos-
ing tumor BM. The meta-analysis synthesized data from
16 studies, revealing a pooled SE of 0.88 (0.82, 0.92), SP
of 0.89 (0.83, 0.93), and AUC of 0.95 (0.92, 0.96). The
diagnostic performance between radiologists and Al,
using the same datasets, was found to be comparable.
Specifically, AI models demonstrated a pooled AUC of
0.92 (0.89-0.94), SE of 0.86 (0.72-0.94), and SP of 0.86
(0.77-0.92). Conversely, radiologists achieved a pooled
AUC of 0.90 (0.88-0.93), SE of 0.83 (0.78—0.83), and SP
of 0.88 (0.80—-0.93). Despite AI’s high diagnostic accuracy,
this meta-analysis identified considerable heterogeneity
among the included studies.

While the overall diagnostic performance of Al for
diagnosing BM is promising and, in some measures,
comparable to or even superior to that of radiologists, the
adoption of this technology in clinical practice remains
limited. A significant barrier is the “black box” nature of
Al which obscures the decision-making process, mak-
ing it difficult for clinicians to fully understand and trust
the Al-driven insights [58]. To mitigate this issue, efforts
have been made to enhance transparency using tech-
niques such as the CAM, which utilizes a globally aver-
aged pooling layer to generate heat maps that visually
explain Al decisions [59]. One popular approach, Gra-
dient-weighted Class Activation Mapping (Grad-CAM),
improves the interpretability of CNNs by emphasizing
the regions of the input image that are most influential
for predictions [60]. Grad-CAM has been applied across
various domains, including image classification, object
detection, and semantic segmentation, to integrate Al
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outputs with existing healthcare systems and allow cli-
nicians to visually assess Al-driven predictions by high-
lighting suspected areas of BM (heat maps) [61]. To
enable the systematic application of Grad-CAM, it is rec-
ommended that heat maps be generated after each model
prediction and provided to the doctor along with the
final diagnosis.

We conducted separate analyses of ML and DL algo-
rithms and discovered that the SE, SP, and AUC were
higher with the DL algorithm than with the ML algo-
rithm. DL autonomously extracts discriminative features
from input data using CNNs, which are composed of
multiple layers of nonlinear functions [62]. Unlike tra-
ditional ML, which requires often problematic feature
engineering, DL uses these layers to progressively extract
higher-level features from the original inputs, thereby
demonstrating superior performance [63]. The U-Net
architecture, introduced in 2015, remains one of the most
popular CNN architectures for medical image segmenta-
tion. In our study, the CNN architecture with the high-
est AUC was MVITV2, achieving 0.95 in the test set and
0.98 in the validation set. However, the limited number
of studies included in our analysis restricted our ability
to examine the more commonly used DL models (CNN,
DNN) and ML models (ANN, KNN, DT, RE, VP, DT).

Diagnostic Odds Ratio

1000

Although the study that used data augmentation
showed a lower SE than the study without it, the results
for SP and PLR were better. The application of DL in
medical image analysis often encounters challenges such
as insufficient training data and imbalanced classification
[64, 65, 66]. To combat these issues, data augmentation is
frequently used to increase the size and diversity of train-
ing sets in DL, which helps prevent overfitting due to
limited data and ultimately improves performance on test
sets. It is crucial for researchers dealing with small train-
ing datasets to effectively implement data augmentation
to overcome these limitations [67].

Through subgroup analysis, we observed that single-
center studies exhibited higher SE, SP, and DOR com-
pared to multicenter studies, contradicting our initial
hypothesis. Generally, using images from different
healthcare institutions in multicenter studies increases
dataset diversity, which enhances model generalization
capability and yields more reliable outcomes [68]. Despite
the use of data from various institutions in the multi-
center studies included in our analysis, the small overall
sample size likely contributed to the unexpected results.
Additionally, studies that assessed the number of lesions
rather than the number of patients showed higher SE, SP,
and DOR, which can be attributed to the increase in sam-
ple size resulting from multiple lesions per patient.
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We conducted a detailed subgroup analysis of studies
based on whether they used external datasets for vali-
dation. The findings revealed that studies incorporating
external datasets demonstrated a significant improve-
ment in SE and SP compared to those that did not use
such datasets. Additionally, heterogeneity was greatly
diminished or even negligible in studies with external
validation (P*=13.70%), indicating that external valida-
tion promotes uniformity in diagnostic criteria and pro-
cedures across studies, thereby stabilizing and enhancing
the consistency of results. Furthermore, the DOR also
improved significantly (82 vs. 52), further underscor-
ing the crucial role of external validation in boosting the
diagnostic performance of models. External validation
is essential for assessing a model’s generalizability [69].
Given that the objective of validation is to evaluate per-
formance across diverse patient populations, it is feasible
to gather new datasets from various centers [70]. Pro-
spective validation mimics the actual clinical usage sce-
nario, allowing for the identification of potential issues
and challenges beforehand and providing a more solid
foundation for the clinical application of the model. By
integrating multicenter and prospective validation, we
anticipate a substantial enhancement in the relevance
and utility of our findings.

This study’s findings suggest that the diagnostic efficacy
of CT surpasses that of MRI, which is contrary to typical
clinical expectations. Firstly, the studies included exhibit
a high risk of bias, potentially compromising the reli-
ability of the results. Secondly, the distribution of focus
within these studies was uneven; 10 studies concentrated
on CT-based diagnosis of BM, while only 6 focused on
MRI-based diagnosis of BM. This disparity in sample
sizes could result in an overestimation of CT’s diagnostic
capabilities. Additionally, adherence to the TRIPOD-AI
guidelines was generally low among the included stud-
ies, which could introduce further biases in outcomes.
The TRIPOD-AI statement provides a comprehensive
reporting framework for research on Al-based diagnos-
tic models. In order to improve the transparency and
reproducibility of the research, future research should
strictly follow the 27 items in the TRIPOD-AI guidelines.
The most critical elements include: first, a clear descrip-
tion of the source and quality of the data, especially the
steps of data processing. Second, the model development
process is reported in detail, including feature selection,
algorithm selection and the rationale behind it, as well
as hyperparameter tuning and cross-validation methods.
Third, provide a detailed description of model valida-
tion, including the use of internal and external valida-
tion datasets, and the reporting of performance metrics
and results. In addition, the software and code used to
develop and validate the model should be provided.
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This study represents the first systematic review and
meta-analysis aimed at evaluating the accuracy of Al in
diagnosing tumor BM. It highlights several potential
benefits. Firstly, recent research [42] has demonstrated
Al’s superiority in detecting small lesions that are often
missed by radiologists using traditional methods. Sec-
ondly, AT’s ability to efficiently process and analyze image
data not only reduces diagnostic times but also provides
rapid support for clinical decision-making [18]. Addi-
tionally, Al-assisted tools have lightened the workload of
radiologists, enhancing their efficiency and enabling bet-
ter management of their time and focus. Despite conser-
vatively affirming the high accuracy of Al in diagnosing
BM, the study acknowledges existing knowledge gaps.
One significant issue is the high heterogeneity among
the included studies, likely caused by variations in data-
set sizes, types of imaging equipment, and Al algorithm
choices. To address this, future research will focus on
standardized data processing and quality control, estab-
lishing uniform protocols for image data acquisition,
annotation, and preprocessing to ensure data consis-
tency and comparability across different studies. Another
limitation is the current focus of Al applications in BM
diagnosis, which is predominantly at the imaging level.
The integration of relevant clinical information, such as
patient history and laboratory test results, remains insuf-
ficient. Going forward, efforts will be directed toward
developing a multi-modal and multi-dimensional diag-
nostic model that deeply integrates image data with
clinical data. This approach aims to provide a more
comprehensive evaluation of patients’ conditions and
enhance overall diagnostic accuracy. Furthermore, the
absence of large-scale, multi-center prospective valida-
tion studies restricts the broader clinical adoption of Al
models. Future initiatives will involve multi-center col-
laborations to gather extensive data on BM from hospi-
tals across various regions and levels of medical care and
conduct rigorous external validations to assess the stabil-
ity and generalizability of AI models in diverse clinical
settings. With ongoing advancements and enhancements
in deep learning algorithms, such as the expansion of
Transformer architectures in medical imaging, AI models
are expected to exhibit improved feature extraction and
learning capabilities [71]. These developments will likely
enhance the diagnostic accuracy, SE, and SP of Al appli-
cations in medical settings.

To the best of our knowledge, this is the first system-
atic review and meta-analysis to evaluate the accuracy of
Al-based systems in diagnosing BM. However, this meta-
analysis faced several limitations. Firstly, selection bias
could not be fully eliminated, as indicated by the PRO-
BAST tool assessment, due to the retrospective nature of
all included studies. Secondly, the majority of the stud-
ies were conducted at single centers. Many experts in Al



Tao et al. BMC Cancer (2025) 25:286

research advocate for the adoption of continuous, mul-
ticenter study designs or external validation methods to
enhance the clinical relevance and generalizability of the
findings [67]. Thirdly, the lack of external validation is a
concern, as only one included study utilized external vali-
dation, thus challenging the generalizability of the model.
Additionally, some studies reported that both training
and testing data were derived from the same cohort, rais-
ing concerns about potential overfitting of the Al systems
[72]. Finally, although many manuscripts adhered to the
TRIPOD-AI guidelines, they often omitted crucial details
such as the training procedures, model tuning, and the
size of the test sets.

Conclusion

The application of Al in the diagnosis of tumor-related
BM shows substantial promise. This meta-analysis tenta-
tively suggests that Al could perform comparably to med-
ical professionals in diagnosing tumor BM via medical
radiography, providing a foundation for its clinical use.
The broader clinical implementation of Al could poten-
tially address the shortage of medical resources, enhance
the detection rates and accuracy of tumor BM diagnoses,
and thereby improve patient outcomes. Nonetheless, it is
important to recognize that further high-quality research
is necessary to ensure that Al applications in healthcare
can be effectively integrated into clinical practice and
adhere to standardized research methodologies.
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Al Artificial intelligence

BM Bone metastasis

CNKI China National Knowledge Infrastructure

VIP Wei Pu database

CBM China Biology Medicine

cT Computed tomography

MRI Magnetic resonance imaging

SE Sensitivity

SP Specificity

AUC Area under the curve

PROBAST Prediction model Risk of Bias Assessment Tool

TRIPOD-AI  Transparent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis-Artificial intelligence

PLR Positive likelihood ratio

NLR Negative likelihood ratio
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SREs Skeletal-related events

PET/CT Positron emission tomography/computed tomography

MM Multiple myeloma

DLA Dl-based algorithm

ML Machine learning

DL Deep learning

PPV Positive predictive value

NPV Negative predictive value

TP True positive

FP False positive

FN False negative

N True negative

CNN Convolutional Neural Networks

DNN Deep Neural Networks

SVM Support Vector Machine

LR Logistic Regression

Page 14 of 16

ANN Artificial Neural Network
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