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Predictive performance of image processing
techniques in the diagnosis of bone metastasis:
A meta-analysis of a confusion matrix
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Abstract. Bone metastasis, a common cause of disability,
markedly affects prognosis and life expectancy, and is
usually diagnosed through radiographic imaging. An early
and accurate diagnosis of bone metastasis is critical in
order to optimize therapeutic strategies and palliative care.
Computer-based image processing techniques have proved
promising to improve diagnostic efficiency. The present
systematic review and meta-analysis aimed to evaluate the effi-
cacy of the diagnostic performance metrics of computational
image processing techniques in patients with lung cancer and
bone metastasis. Following the Preferred Reporting Items for
Systematic reviews and Meta-analysis guidelines, a compre-
hensive literature search was conducted across different
databases between January 2010 and December 2024. Studies
assessing computational image-processing techniques in
patients with lung cancer and bone metastasis were included.
Confusion matrix parameters were extracted and the bivariate
Reitsma model was applied to estimate the pooled diagnostic
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performance. Heterogeneity and inconsistency (variance of
components and I? values), and risk of bias (quality assess-
ment of diagnostic accuracy studies-2 tool) were appraised for
the included studies. Overall, 6 studies were included in the
meta-analysis. A high overall diagnostic accuracy (area under
the summary receiver operating characteristic curve, 0.931),
a pooled sensitivity of 0.86 and a specificity of 0.88 were
achieved. Favorable positive and negative likelihood ratios
(7.22 and 0.165, respectively) indicated the strong discrimina-
tory ability of the model. Despite some heterogeneity, stable
high negative predictive values confirmed the reliability of
ruling out non-metastasis when screening for metastasis.
Computer-based image processing techniques demonstrated
excellent diagnostic accuracy for bone metastasis in patients
with lung cancer. Further studies should focus on investigating
a unique standardized diagnostic tool that can be applied in a
clinical setting to improve patient management.

Introduction

Lung cancer is a major cause of cancer-related mortality
globally, with >2.4 million new cases and when it spreads
progressively to distant metastatic sites, including the liver,
adrenal glands, bone and brain, it accounts for >1.8 million
deaths annually (1-3). Bone metastasis occurs in ~40% of
patients with advanced lung cancer and substantially affects
the quality of life, survival and therapeutic management in
patients (1). Spinal cord compression, hypercalcemia and bone
marrow aplasia are frequently reported in patients with bone
metastasis, who often suffer from severe pain, movement diffi-
culties and frequent fractures (4). The median survival time
following the diagnosis of bone metastasis is typically <1 year,
reflecting the urgent need for an early and accurate diagnosis
to optimize therapeutic decision-making, symptom manage-
ment, palliative care and improve survival outcomes (5,6).
Traditional diagnostic workflow for bone metastasis in
patients with lung cancer involves a combination of labora-
tory findings, imaging techniques, and when indicated,
pathological examination of bone biopsies (7). Hypercalcemia
is an important finding for screening and observational
monitoring of bone metastasis, although it is not specific
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and numerous false-positive results necessitate combined
diagnostic approaches (8). Imaging techniques, particularly
advanced radiological modalities, account for the majority
of diagnostic approaches, including X-ray radiography, bone
scintigraphy (scan), magnetic resonance imaging, computed
tomography (CT) and positron emission tomography/CT with
18F-fluorodeoxyglucose (9). When imaging results confirm
the existence of bone metastasis, a biopsy examination of the
suspicious bone region is requested by the clinician to ascer-
tain changes in osteocytes and bone tissue (10).

Despite technological improvements in medical imaging,
their accurate diagnostic values present a substantial challenge
even for senior radiologists due to multifaceted factors, such as
complexity in metastatic sites, lesion heterogeneity and over-
lapping appearance with benign bone diseases, particularly in
the early metastatic phase, as well as the difference in instru-
ment modalities, which may be different in qualification (11).
Along with these confounding factors, the interpretation of
radiographic images is completely dependent on professionals
and interobserver variability, which is usually dependent on
the expertise of the radiologist, in most cases is inevitable (9).
These limitations have prompted researchers to investigate if
they could introduce new accurate and feature-based computer
image processing methods that can be both quantitative and
reproducible for interpreting imaging results.

Over the past decade, computer-based image processing
techniques, such as artificial intelligence (AI), machine
learning, deep learning, ensemble computational algorithms
and radiomics approaches, have emerged as powerful and effi-
cient tools to extract features from high-dimensional skeletal
imaging data, facilitating the diagnostic accuracy for bone
metastasis. Previous studies in lung cancer and other malig-
nancies have introduced the use of computer-based models
(e.g., radiomics signatures, convolutional neural network, Al
and neural-network assisted bone scintigraphy) as a promising
method to aid disease management. Nevertheless, the diag-
nostic values of such techniques in clinical decision-making
yet remains unestablished owing to the lack of robust pooled
evidence (12-16). For instance, a deep learning algorithm
was developed by Noguchi et al (11) that could automatically
diagnose if bone metastasis existed across CT scanned images
with a sensitivity of 8§9.8% (P<0.001) (12). Computer-based
image processing techniques focus on the predefined raw data
driven from the original images (such as texture, intensity and
shape), use classical algorithms aiming to determine thresh-
olds for the primary features, proceed deeper to develop a
primary prediction model and finally learn, as well as improve,
determining features' thresholds hierarchically to establish a
precise prediction model for the diagnosis of bone metastasis.
Previous studies in this field have introduced some diagnostic
models such as machine learning classifiers (e.g., random
forests, support vector machines and k-nearest neighbors) for
pattern recognition from radiographic results, deep learning
models such as convolutional neural network (CNN) and
U-Net approaches for directly learning deterministic features
from the original images, along with artificial intelligent
pattern recognition techniques (13,14,16-19). However, most of
them have been typically performed on heterogenous primary
sites, a single or limited computational modalities or general
studies across different cancer types, which confounding their

reliability and application in patients with lung cancer and
bone metastasis.

To address this gap, despite a growing body of evidence
emphasizing the advantages of using computer-based tech-
niques in detecting bone metastasis, there is substantial a
need to confirm their accuracy through establishing a robust
standardized meta-analysis uniquely in patients with lung
cancer that can be further extended for their application in
clinical workflows. To the best of our knowledge, no prior
standardized meta-analyses have been specifically performed
in this field. Therefore, the present systematic review and
meta-analysis specifically evaluated the diagnostic accuracy
of computer-based image processing techniques by appraising
the confusion matrix-based metrics across eligible studies for
the diagnosis of bone metastasis in patients with lung cancer.
By focusing exclusively on patients with lung cancer and
providing the robust pooled accuracy metrics, such as sensi-
tivity, specificity and area under the curve (AUC), the findings
of this meta-analysis provide evidence assisting clinicians in
applying advanced computational image feature extracting
tools in diagnostic approaches, particularly for screening and
ruling out non-metastatic cases in a high-risk population.

Materials and methods

Study design. The methodology for the present systematic
review and meta-analysis followed the Preferred Reporting
Items for Systematic reviews and Meta-Analysis (PRISMA)
guidelines to ensure transparency, reproducibility and method-
ology robustness (20). In addition, its protocol was registered in
the International Prospective Register of Systematic Reviews
(PROSPERQO; https://www.crd.york.ac.uk/prospero/) under
submission ID 1134225.

Considering the aim of the present meta-analysis, informed
by the population, intervention, comparator, outcome (PICO)
framework, the research questions and objectives focused on
cross-sectional studies, diagnostic cohort studies and random-
ized controlled trial studies ascertaining the accuracy of
different image processing techniques (intervention) in patients
with lung cancer metastatic to the bone tissues (population) that
were compared with other imaging-based diagnostic assays
from non-metastatic solid tumors (comparator). The diagnostic
accuracy of the confusion matrix was regarded as the primary
outcome for the meta-analysis (outcome), including sensitivity,
specificity, positive predictive value (PPV), negative predictive
value (NPV) and AUC (21).

Search strategy and eligibility criteria. A comprehensive
search of the literature published between January 2010 and
the end of December 2024 was conducted across different
electronic databases, including PubMed (https:/pubmed.ncbi.
nlm.nih.gov/), Scopus (https://www.scopus.com/), Embase
(https://www.embase.com/), Cochrane library (https:/www.
cochranelibrary.com/), Web of science (https://clarivate.
com/academia-government/scientific-and-academic-research/
research-discovery-and-referencing/web-of-science/), and
clinical trials.gov (https://clinicaltrials.gov/). The search
strategy was to combine Boolean operators with the medical
subject heading terms of specific key words related to cancer
bone metastasis, image modalities and processing techniques,
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along with confusion matrix parameters. Key words applied in
the search across different databases are reported in Table 1.

Inclusion and exclusion criteria for article selection. Studies
were eligible for inclusion if they were original research
articles (cross-sectional, diagnostic cohorts or randomized
controlled studies), written in English, that met the following
criteria: i) Studies on adult patients with lung cancer and
bone metastasis confirmed by the results of histological or
radiological examination; and ii) studies that evaluated the
diagnostic accuracy of at least one computer-based image
processing technique, such as radiomics, machine learning or
deep learning, considering sufficient data, including true-posi-
tive, false-positive, true-negative, false-negative, or at least one
parameter associated with the performance matrix, such as
sensitivity, specificity, accuracy, precision and AUC.

Studies were excluded if they had been written in a
non-English language, reported non-original studies such as
review articles (systematic, narrative or meta-analysis), or
were conference abstracts, editorials, case reports and animal
studies. In addition, considering the aim of the present study,
studies that were performed focusing on primary tumors,
those that did not report any parameters associated with the
confusion matrix and those that did not utilize computer-based
image processing modalities (e.g., traditional radiographic
interpretation), or used them only as an additional technique
without further processing, were also excluded from the study.
The other criteria for exclusion were associated with quality
assessment, and the studies were excluded if three or more
high-risk domains were identified.

Study selection process. A comprehensive literature search
across the databases was performed by two independent
reviewers, who screened the titles, abstracts and key words.
All screened studies were imported into EndNote 21 refer-
ence manager software (Clarivate Plc) and duplications were
removed. Reviewers were equipped with a designed checklist
in Microsoft Excel (Microsoft Corporation) to select studies
through full-text assessment in the next step according to
the predefined inclusion and exclusion criteria for eligibility
of selected articles. Discrepancies between reviewers were
resolved through consensus or consultation with a third
reviewer. The entire study selection process, documented in a
PRISMA flow diagram, is displayed in Fig. 1.

Data extraction. Data were systematically extracted using a
structured Microsoft spreadsheet form, piloted on a subset of
samples and iteratively improved. The data extraction form
was constructed in three main modules including the study
characteristics (authors, country and institution, study design,
sample size, primary cancer types and imaging modality),
image processing techniques (type of machine learning
algorithm, CNN, Al and radiomics) and diagnostic perfor-
mance metrics [confusion matrix values, sensitivity, specificity,
accuracy, area under the summary receiver operating charac-
teristic (AUC SROC) curve, and confidence intervals (CIs) or
standard errors].

Quality and risk of bias assessment. The methodological
quality and risk of bias of the included studies were evaluated
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independently by two reviewers using the Newcastle-Ottawa
scale (NOS) and the Quality Assessment of Diagnostic
Accuracy Studies-2 (QUADAS-2) tools (22,23). In this
context, four main domains were considered for QUADAS-2
scoring, including patient selection (possibility of bias owing
to mistakes in including participants), index test (blindness
and predefined image processing protocol), reference stan-
dard, and flow and timing, were scored as low, high or unclear
risk of bias. Studies with three or more high-risk domains
were excluded from the meta-analysis. On the other hand,
NOS scoring was considered according to three main domain
including selectivity, comparability, and exposure/outcome
with a maximum value of nine score. Disagreements in bias
assessments were resolved through consensus.

Statistical analysis and meta-analysis. A bivariant
random-effect meta-analysis applying the Reitsma model
was performed to calculate pooled sensitivity and specificity
across finally included studies (24,25). The extracted data
from the included studies were imported into a Microsoft
Excel spreadsheet and the statistical analyses were conducted
in R (version 4.4.1), (https://cran.r-project.org/bin/windows/
base/old/4.4.1/) using the ‘mada’ (version 0.5.12), (https://
cran.r-project.org/web/packages/mada/index.html), and
‘binom’ (version 1.1-1.1), (https://cran.r-project.org/web/
packages/binom/index.html) packages. The Reitsma model
was selected to justify the association between sensitivity
and specificity, as well as to incorporate between-study vari-
ability (24). The restricted maximum likelihood (REML)
method was utilized to estimate parameters, including pooled
sensitivity, specificity, negative likelihood ratio (LR), positive
LR and diagnostic odds ratio with 95% CI (26).

The confusion matrix components for each study, including
true-positive, true-negative, false-positive and false-negative
results, were extracted from the studies or alternatively
calculated based on the reported sensitivity, specificity and
the sample sizes. The Wilson method, implemented through
‘binom’ package was employed to compute the 95% CI for the
sensitivity and specificity results (27).

In order to determine the pooled sensitivity and specificity
and their corresponding 95% CIs for meta-analysis, % equality
assessments, and forest plots were generated using the ‘ggplot2’
R package (https://cran.r-project.org/package=ggplot2),
labeled by the name of the first authors and publication year.
To evaluate the trade-off between sensitivity and specificity,
a SROC curve was plotted using the ‘mada’ package (https://
cran.r-project.org/web/packages/mada/index.html). The
overall diagnostic accuracy was assessed by calculating the
AUC and partial AUC (restricted to observed false-positive
rate, normalized).

The robustness of pooled estimates was examined through
one-in/one-out sensitivity analysis. In brief, pooled sensitivity
was estimated iteratively by systematically excluding one
study in each step and recalculation of the bivariate model.
Publication bias was appraised through Deeks' funnel
plot asymmetry test, which is strongly recommended for
meta-analyses on the diagnostic accuracy tests.

The model fit was assessed using log-likelihood, Akaike
information criterion (AIC) and Bayesian information crite-
rion (BIC). PPVs and NPVs were calculated for a normal
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Table I. Key words assessed for the study selection.

Database Key words Results, n
Cochrane (‘bone metastasis’ OR ‘bone neoplasms’ OR metastasis) AND (‘lung cancer’ OR ‘pulmonary 26
library carcinoma’ OR ‘lung neoplasm’ OR ‘Pulmonary Neoplasm’ OR ‘Pulmonary Cancer’ OR

‘Non-Small-Cell Lung cancer’ OR ‘Small Cell Lung Carcinoma’ OR ‘Lung Adenocarcinoma’
OR ‘Bronchial Neoplasms’) AND (‘image processing’ OR radiomics OR ‘deep learning” OR
‘artificial intelligence’) AND (‘predictive performance’ OR ‘predictive accuracy’ OR ‘prediction
performance’ OR ‘confusion matrix’ OR ‘performance metrics’ OR ‘diagnostic accuracy’ OR
sensitivity OR recall OR ‘True positive rate’ OR tpr OR ‘True negative rate’ OR specificity OR
accuracy OR ‘area under the roc curve’ OR AUC)

PubMed ((‘bone metastasis’[Title/Abstract] OR ‘bone neoplasms’[Title/Abstract] OR metastasis 288
[Title/Abstract]) AND (‘lung cancer’[Title/Abstract] OR ‘pulmonary carcinoma’[Title/Abstract]
OR ‘lung neoplasm’[Title/Abstract] OR ‘Pulmonary Neoplasm’[Title/Abstract] OR ‘Pulmonary
Cancer’[Title/Abstract] OR ‘Non-Small-Cell Lung cancer’[Title/Abstract] OR ‘Small Cell Lung
Carcinoma’[Title/Abstract] OR ‘Lung Adenocarcinoma’[Title/Abstract] OR ‘Bronchial
Neoplasms’[Title/Abstract]) AND (‘image processing’[Title/Abstract] OR radiomics
[Title/Abstract] OR ‘deep learning’[Title/Abstract] OR “artificial intelligence’[Title/Abstract]
OR image[Title/Abstract]) AND (‘confusion matrix’ OR ‘performance metrics’ OR ‘diagnostic
accuracy’ OR sensitivity OR recall OR ‘True positive rate’ OR tpr OR ‘True negative rate’ OR
specificity OR accuracy OR ‘area under the roc curve’ OR AUC)) AND (‘2010/01/01°
[Date-Publication] : ‘2024/12/31’[Date-Publication])

Scopus (ALL ( ‘predictive performance’ OR ‘predictive accuracy’ OR ‘prediction performance’ OR 225
‘confusion matrix’ OR ‘performance metrics’ OR ‘diagnostic accuracy’ OR sensitivity OR recall
OR ‘True positive rate’ OR tpr OR ‘True negative rate’ OR specificity OR accuracy OR ‘area
under the roc curve’ OR AUC ) AND TITLE-ABS-KEY ( ‘bone metastasis’ OR ‘bone metastases’
OR ‘osseous metastasis’ OR ‘Neoplasm Metastasis’ OR ‘Neoplasm Metastases’ ) AND
TITLE-ABS-KEY ( ‘image processing’ OR ‘image analysis’ OR ‘medical imaging’ OR ‘computer
vision” OR radiomics OR ‘deep learning’ OR ‘artificial intelligence’ ) AND TITLE-ABS-KEY
( ‘lung cancer’ OR ‘pulmonary carcinoma’ OR ‘lung neoplasm’ OR ‘Pulmonary Neoplasm’
OR ‘Pulmonary Cancer’ OR ‘Non-Small-Cell Lung cancer’ OR ‘Small Cell Lung Carcinoma’
OR ‘Lung Adenocarcinoma’ OR ‘Bronchial Neoplasms’ ) ) AND PUBYEAR > 2009 AND
PUBYEAR < 2025

Embase (‘lung cancer’ OR ‘pulmonary carcinoma’ OR ‘lung neoplasm’ OR ‘pulmonary neoplasm’ OR 167
‘pulmonary cancer’ OR ‘non-small-cell lung cancer’ OR ‘small cell lung carcinoma’ OR ‘lung
adenocarcinoma’ OR ‘bronchial neoplasms’) AND (‘bone metastasis’ OR ‘bone metastases’ OR
‘osseous metastasis’ OR ‘neoplasm metastasis’ OR ‘neoplasm metastases’) AND (‘predictive
performance’ OR ‘predictive accuracy’ OR ‘prediction performance’ OR ‘confusion matrix’ OR
‘performance metrics’ OR ‘diagnostic accuracy’ OR sensitivity OR recall OR ‘true positive rate’
OR tpr OR ‘true negative rate’ OR specificity OR accuracy OR ‘area under the roc curve’ OR auc)
AND (‘image processing’ OR ‘image analysis’ OR ‘medical imaging” OR ‘computer vision’ OR
radiomics OR ‘deep learning” OR ‘artificial intelligence’) AND [2010-2024]/py

Web of (“predictive performance’ OR ‘predictive accuracy’ OR ‘prediction performance’ OR ‘confusion 102

science matrix’ OR ‘performance metrics’ OR ‘diagnostic accuracy’ OR sensitivity OR recall OR ‘True
positive rate’ OR tpr OR ‘True negative rate’ OR specificity OR accuracy OR ‘area under the
roc curve’ OR AUC) AND (‘bone metastasis’ OR ‘bone metastases’ OR ‘osseous metastasis’ OR
‘Neoplasm Metastasis’ OR ‘Neoplasm Metastases’) AND TS=(‘image processing’ OR ‘image
analysis’ OR ‘medical imaging’ OR ‘computer vision’ OR radiomics OR ‘deep learning” OR
‘artificial intelligence’) AND (‘lung cancer’ OR ‘pulmonary carcinoma’ OR ‘lung neoplasm’
OR ‘Pulmonary Neoplasm’ OR ‘Pulmonary Cancer’ OR ‘Non-Small-Cell Lung cancer’ OR
‘Small Cell Lung Carcinoma’ OR ‘Lung Adenocarcinoma’ OR ‘Bronchial Neoplasms’) AND
PY=2010-2024

Clinical Lung AND (‘bone metastasis’ OR ‘bone neoplasms’ OR metastasis) AND (‘image processing’ 45

trials.gov OR radiomics OR ‘deep learning’ OR “artificial intelligence’) AND (‘confusion matrix” OR
‘performance metrics’ OR ‘diagnostic accuracy’ OR sensitivity OR specificity OR accuracy OR
AUC) AND (‘diagnose’ OR ‘diagnosis’ OR ‘predict’ OR ‘predictive’)

ROC, receiver operating characteristic curve; AUC, area under the summary ROC.
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Figure 1. Preferred Reporting Items for Systematic reviews and Meta-Analysis
flow diagram for the study selection. A total of 25 articles were assessed for
eligibility criteria and a total of 19 articles were excluded (2 articles were
in abstracts and did not have full-text; 11 articles were excluded for eligi-
bility criteria, and 6 did not have reported sufficient results). 6 studies were
included for meta-analysis.

distribution with a mean prevalence of 10% (range, 5-15%).
Continuity correction (0.5) was utilized, where it was neces-
sary to handle null results in the confusion matrix.

Heterogeneity and inconsistency assessment. Between-study
heterogeneity was assessed both statistically and clinically.
The statistical heterogeneity between studies was assessed
using variance components in the key performance metrics,
including sensitivity, specificity, AUC, segmentation metrics,
such as Dice similarity coefficient (Dice), intersection over
union (ToU), model performance metrics and I* estimates as
the portion of variability attributed to heterogeneity. I? values
>50% indicated substantial heterogeneity. Sources of possible
clinical heterogeneity were ascertained considering patient
demographics, differences in imaging modalities, image
processing methods and the study design characteristics (28,29).

Exploring the source of heterogeneity. Following the
heterogeneity assessment, post-hoc subgroup analyses and
univariate meta-regression were conducted to examine
the potential source of heterogeneity between studies. The
included studies were categorized according to two meth-
odological characteristics, namely, imaging modalities and
computational interpretating methods. Based on the imaging
modalities, studies were categorized as ‘CT-based’ [including
single-source dual-energy CT (ssDECT), deep learning-based
CT and CT based radiomics] versus ‘scintigraphy/single
photon emission CT (SPECT)-based’ (including SPECT
bone scintigraphy, bone scintigraphy and Al-based bone
scintigraphy). Based on computational interpretation, the
classifier algorithms were categorized as ‘Al/Deep learning’
(including deep neural networks and CNN-based approaches)

versus ‘Other/Radiomics’ (including radiomics feature extrac-
tion method and material decomposition analysis assays).
Subsequently meta-regressions using the REML method were
performed to explore if there were any associations between
mediators and diagnostic performance measures. It should be
noted that, owing to the limited number of eligible studies (n=6),
the heterogeneity trends across studies were also visualized by
annotating subgroup characteristics on forest plots (Fig. 2).

Results

Literature overview, heterogeneity and inconsistency results.
A total of 6 original research studies were included in the
present study (Table II) (15,30-34). The studies explored
the diagnostic accuracy of image processing techniques to
distinguish metastatic from non-metastatic bone tissue. The
studies employed diverse imaging modalities, including bone
scintigraphy, dual-energy and conventional CT, by applying
different classes of machine learning classifiers, such as CNN,
neural network, deep learning and radiomics (Table SI).

All studies reported diagnostic performance metrics
according to the confusion matrix components (Table SII).
Dong et al (30) (2015) evaluated spectral CT imaging to
differentiate osteoblastic metastasis from normal bone lesions.
Statistical heterogeneity was assessed by the results of CT
values, spectral curve slopes and material densities. Although
the formal inconsistency results were not explicitly reported in
the study, however, a high AUC indicated a low inconsistency.

Zhao et al (31) utilized a neural network model for bone
scintigraphy images (31). The statistical heterogeneity in this
study was checked using the range of the AUC values across
cancer subtypes. Low inconsistency was observed with a
consistently high AUC among cancer subtypes.

Liu er al (32) proposed a CNN-based method from bone
scintigraphy to identify bone metastasis. Statistical heteroge-
neity was stratified based on lesion burden and included Dice
scores (0.85) and an IoU value of 0.789. Moderate inconsisten-
cies were detected with a high AUC.
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Table II. Study characteristics and diagnostic performance of included research.

Imaging Processing Cases, Controls, Sensitivity % Specificity % DOR
First author, year modality technique n n (95% CI) (95% CI) (95% CI)  (Refs.)
Dong et al,2015 ssDECT Spectral curve 79 43 93.0 933 162.2 30)
analysis (0.84-0.96) (0.81-0.98)  (38.5-683)
Zhao et al,2020  Bone Al-based 265 337 935 93.5 208.9 (€2))]
scintigraphy (0.90-0.96) (0.90-0.96) (108-401)
Liu et al, 2021 Bone CNN 567 686 76.2 82.5 15.1 (32)
scintigraphy (0.72-0.79) (0.79-0.85) (11.4-19.9)
Huo et al, 2023 CT Deep learning 57 69 894 85.7 50.1 (33)
(0.79-0.95) (0.75-0.92) (17-147)
Su et al, 2024 CT Radiomics 33 117 72.7 89.7 233 (15)
(0.56-0.85) (0.83-0.94) (8.8-61.6)
Wang et al,2024 SPECT bone CNN 267 260 804 804 16.9 (34)
scintigraphy (0.75-0.85) (0.75-0.85) (11-26)

Al, artificial intelligence; CNN, convolutional neural network; CT, computed tomography; ssDECT, single-source dual energy CT; SPECT,

single photon emission CT.

Huo et al (33) proposed a CNN algorithm from CT
imaging in patients with lung cancer and bone metastasis.
Statistical heterogeneity was assessed using Dice coefficient
and IoU values (0.856 and 0.789, respectively). Low inconsis-
tency was observed, along with a stable AUC (0.879), among
the different cohorts.

Su et al (15) combined CT-based radiomics and clinical
features for developing a predictive model for bone metastasis
in patients with lung adenocarcinoma. Low heterogeneity and
moderate inconsistency were observed, with an AUC of 0.866
for the proposed combined radiomics predictive model.

Wang et al (34) developed a CNN classifier algorithm for
the diagnosis of bone metastasis based on SPECT images
through continuous preprocessing steps, such as bladder
removal and image fusion. Low statistical heterogeneity was
confirmed by an accuracy of 0.803 and an AUC of 0.848 in
the preprocessed bladder-removed images. Low inconsistency
with a stable performance was observed.

All included studies utilized different CT-based imaging
modalities with different processing techniques, including
ssDECT, neural network algorithms and radiomics
techniques, that were compared with traditional image inter-
pretation in the diagnosis of bone metastasis. Overall high
sensitivities, ranging from 72.7% in the study by Su et al (15)
to 93.5% in the study by Zhao et al (31), with a median of
86.0%, were reported (95% CI, 78.2-91.3). The results of
the %2 equality assessment for sensitivity and specificity
confirmed significant differences between studies for sensi-
tivity (y*=47.8; df=5; P<0.001) and specificity (y*=31.52;
df=5; P<0.001).

Quality assessment. The quality of the included studies was
ascertained using NOS and QUADAS-2 tools. Although
most of the studies were retrospectively designed, the results
generally indicated high-quality with robustness in terms of
methodology. A total of 4 studies scored eight or more out of
a total score of nine on NOS criteria, with strength in cohort

selection, exposure ascertainment and outcome assessment.
The quality assessments in this meta-analysis were basically
assessed using QUADAS?2, as the present study was aimed
to determine the diagnostic performance accuracy. However,
it also checked NOS criteria to ensure robustness of the
study selection criteria. In the present study, NOS scoring
was considered according to three main domain including
selectivity, comparability and exposure/outcome and specific
scores for each domain, with a maximum value of nine
scores (Table SIIT). The QUADAS-2 risk of bias assessment
demonstrated low to moderate risk across the patient selection,
index test interpretation, reference standard assessment and
flow/timing domains. The exclusion criteria for studies were
=3 high-risk domains. A total of two independent reviewers
reported. One of them reported moderate to high risk of bias
and the other reported moderate risk of bias. In consensus,
risk of bias was reported high, but in only two domains and
therefore, the study was not excluded. The results of the quality
assessment are outlined in Table SIV.

Assessment of the robustness and publication bias. The
results of leave one-in/one-out sensitivity analysis indicated
the robustness of findings in the present study (Table III).
When systematically excluding process was fallowed,
minimal fluctuations were observed in recalculated pooled
estimates: Sensitivity ranged from 0.832 to 0.878, specificity
ranged from 0.854 to 0.891, and AUC from 0.908 to 0.942.
These minimal fluctuations indicate that the findings are
robust and are not disproportionately influenced by any
single study.

In addition, although the statistical power was limited by
inclusion of only 6 studies, no significant publication bias was
observed when the Deeks' funnel plot asymmetry test was
applied (t=0.18; df=0.4; P=0.867), with a bias estimation of 1.27
(standard error=7.14) (Fig. 2). Although the statistical power
is limited, this non-significant result refutes any substantial
publication bias in the present meta-analysis.
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Table III. Leave-one-out sensitivity analysis of pooled diagnostic estimates.
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Study removed

Sensitivity (95% CI)

Specificity (95% CI)

Dong et al, 2015
Zhao et al, 2020
Liu et al, 2021
Huo et al, 2023
Su et al, 2024
Wang et al, 2024
Original model

0.845 (0.752-0.907)
0.832 (0.734-0.899)
0.878 (0.792-0.933)
0.857 (0.763-0.918)
0.870 (0.779-0.928)
0.870 (0.779-0.928)
0.860 (0.782-0.913)

0.868 (0.785-0.923)
0.854 (0.767-0.913)
0.888 (0.812-0.937)
0.881 (0.802-0.932)
0.880 (0.800-0.931)
0.891 (0.816-0.939)
0.878 (0.822-0.926)

7
AUC T_sens t_fpr (Refs.)
0.922 0.597 0.461 (30)
0.908 0.465 0.294 31
0.942 0.565 0.500 (32)
0.932 0.668 0.545 (33)
0.936 0.671 0.509 (15)
0.940 0.647 0456 (34)
0.931 0.609 0471

T_sens, between-study standard deviation of logit-transformed sensitivity; t_fpr, between-study standard deviation of logit-transformed
false-positive rate. Higher values indicate greater residual heterogeneity. CI, confidence interval; AUC, area under the summary receiver

operating characteristic curve.

Exploration of the sources of heterogeneity. The results of
meta-regression following the subgroup analysis demon-
strated clinically important patterns. When categorization
by imaging modalities was considered (Fig. 3, blue lines
vs. orange lines), scintigraphy/SPECT-based studies (n=4)
demonstrated a higher mean sensitivity (88.0+8.1%) compared
with CT-based studies (n=2) (76.5+5.4%); however, the
specificity was comparable between groups (88.8 vs. 85.0%,
respectively). The absolute difference in sensitivities of 12%
across distinct categorization suggests that scintigraphy-
based techniques were superior in diagnostic efficiency
for bone metastasis. Considering computational technique
categorization, although a greater variability in sensitivity
metrics was observed in Al/deep learning studies, similarity
in mean sensitivity was observed between Al/deep learning
(n=3) and other/radiomics approaches (n=3) (83.4 vs. 85%,
respectively).

Despite limitations in statistical significance due to the
limited number of included studies, the results of meta-
regression of coefficients indicated meaningful effect size as
follows: Imaging modality revealed a coefficient of 0.852 (95%
CI, -0.316 to 2.021; P=0.153) for sensitivity, and the algorithm
type presented a coefficient of 0.165 (95% CI, -1.144 to 1.474;
P=0.805).

Forest plot visualization and bivariate Reitsma meta-analysis.
In order to calculate the pooled estimate metrics, a bivariate
random-effects Reitsma model was employed for analyzing
the 2,780 subjects from the 6 included studies. Enhanced
forest plots (Fig. 3) exhibit the point estimates and 95% Cls for
diagnostic sensitivities and specificities, which were subgroup
annotated for imaging modality and algorithm type. As
presented in Fig. 3, the pointed sensitivity and 95% CI had a
high variability ranging from 0.73 (95% CI, 0.56-0.85) in the
study by Su er al (15) to 0.94 (95% CI, 0.90-0.96) in the study
by Zhao et al (31), with the specificity ranging from 0.80 (95%
CI, 0.75-0.85) in the study by Wang er al (34) to 0.93 (95%
CI, 0.90-0.96) in the study by Zhao et al (31). The forest plots
represent a wider range of sensitivity than specificity, with
clear clustering of scintigraphy/SPECT-based studies within
higher sensitivity ranges. Studies using advanced techniques

(e.g., scintigraphy/SPECT-based methods) consistently
presented with narrower Cls, indicating higher precision.

The pooled sensitivity and specificity, with 95% CIs, are
demonstrated in Fig. 2 as red rectangles with a horizontal
boundary of 95% CIs. In this meta-analysis, the pooled sensi-
tivity and specificity were estimated as 0.86 (95% CI,0.78-0.91)
and 0.88 (95% CI, 0.83-0.92), respectively. Log-transformed
intersects were 1.81 (95% CI, 1.28-2.35) for sensitivity and
1.98 (95% ClI, -2.4 to -1.55) for false-positive rate (Table IV).
High between-study variability was observed with a standard
deviation of 0.61 for sensitivity and 0.471 for false-positive
rates. In addition, the presence of a significant negative
correlation (the correlation was derived directly from the
variance-covariance matrix of the bivariate Reitsma model)
between the false-positive rate and sensitivity (correlation
coefficient,-0.968; P<0.001) indicating that fewer false-positive
results were achieved in the studies with higher sensitivity.

The status of model fit was evaluated by log-likelihood,
AIC and BIC indices. The results supported the model fit, with
a log-likelihood of 17.593, AIC of -25.186 and BIC of -22.762.
These results suggest that the model fit was adequate. The
AUC of the developed model was estimated to be 0.931. This
high AUC indicated an excellent overall diagnostic accuracy
of computational image processing techniques over traditional
image interpretation.

Diagnostic performance visualization. The SROC curve,
a suitable visualization tool for the trade-off between sensi-
tivity and specificity, was plotted using the ‘mada’ R package
(Fig. 4). In Fig. 4, each individual study is represented by a
unique symbol, while the pooled SROC is demonstrated by
a line with the confidence and prediction region to reflect
uncertainty and variability. The two studies clustered in the
top-left corner of Fig. 4 [Dong et al (30) and Zhao et al (31)]
exhibited the highest performance, with high sensitivity and
specificity values. The studies by Liu et al (32), Su et al (15)
and Wang et al (34) demonstrated a wider prediction region
that indicated lower sensitivity and moderate heterogeneity,
especially in the study by Su 2024, which can be attributed
to the variability in image processing techniques. However,
despite heterogeneity, the AUC of 0.931 and partial AUC
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Huo_2023+ i Wang_2024 0.81[0.75-0.85]
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Liu_2021 . Dong_2015 0.92 [0.84-0.96]
Su_2024{ N ¥ Zhao_2020 0.94 [0.90-0.96]
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: Dong_2015 0.93[0.81-0.98]
Liu_2021 - : Zhao_2020 0.93 [0.90-0.96]
Su_2024 —a Pooled 0.88[0.83-0.92]
0.75 0.80 0.85 0.90 0.95

Pooled specificity: 0.88 [0.83—-0.92]

Test for equality of specificities: X?=31.52, df=5, p=7.39e—06

Inconsistency (1%)=84.1%

Imaging modality 4@+ CT-based 4 Pooled

Scintigraphy/SPECT  Algorithm type @ Al/Deep learning A Other/radiomics & Pooled

Figure 3. Forest plots for the sensitivity and the specificity of the different included image processing studies for the diagnosis of patients with lung cancer and
bone metastasis are displayed. The central point in each line indicates the sensitivity or specificity for an individual study, with the horizontal lines representing
95% confidence intervals. Abbreviations: CI: confidence interval; df; degrees of freedom; CT; computed tomography.

of 0.848 confirmed the acceptable diagnostic accuracy of
the model.

Diagnostic metrics and predictive values. The ‘SummaryPts’
function was employed to calculate the summary of diagnostic
metrics for bone metastasis. The diagnostic metrics and predic-
tive values are presented in Table V. The positive LR in the
studies by Zhao et al (31) and Dong et al (30) had the highest
values (14.34 and 13.25, respectively), with a mean positive LR
of 7.22 (95% CI, 4.53-10.9), indicating the moderate to strong
ability of models in the detection of bone metastasis. In the
same way, the studies by Zhao et al (31) and Dong et al (30)
reported the lowest negative LRs (0.069 and 0.082, respec-
tively), with a mean of 0.165 (95% CI, 0.096-0.262), which also
confirms the high ability of models to rule out bone metastasis
in patients with lung cancer. The mean inverse negative LR was

estimated as 6.48 (95% Cl, 3.82-10.40), which also reinforced
the reliability of the negative test results. The mean diagnostic
odds ratio (DOR) in the present study was calculated as 49.30
(95% CI, 17.50-111.00), which confirmed the strong diagnostic
ability of the model for the diagnosis of bone metastasis.

Predictive values for a mean distribution of 10% (ranging
from 5 to 15%) were calculated as follows: An NPV of
0.972-0.991, indicating a very high probability that a negative
test result is truly negative, consistent across studies due to
high specificity, and a PPV of 0.273-0.554, indicating that the
probability of a positive test being truly positive increases with
prevalence. The highest PPVs were observed in the studies by
Zhao et al (31) and Dong et al (30). The results of the varia-
tion in predictive values across the range of 5-15% prevalence
are presented in Fig. 5. As observed, the results highlight the
stability of NPV in ruling out bone metastasis.
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Table I'V. Parameter estimates and goodness-of-fit indices from the bivariate Reitsma meta-analysis model.

Parameter/Index Estimate 95% CI Interpretation/Notes
Fixed effects (logit scale)

Intercept (sensitivity) 1.81 1.28-2.35

Intercept (false-positive rate) -1.98 -240--1.55
Between-study variability

T (sensitivity) 0.61 - High heterogeneity

t (false-positive rate) 047 - High heterogeneity
Correlation

Sensitivity ~FPR (p) -0.97 - P<0.001
Model fit indices

Log-likelihood 17.59 -

AIC -25.19 - Lower is preferred

BIC -22.76 - Lower is preferred
Transformed pooled estimates

Sensitivity 0.86 0.78-0.91

Specificity 0.88 0.82-0.93
AUC (SROC) 0.93 - Excellent accuracy

AIC, Akaike information criterion; BIC, Bayesian information criterion; FPR, false-positive rate; AUC, area under the curve; SROC, summary

receiver operating characteristic.

Discussion

The present systematic review and meta-analysis evalu-
ated the diagnostic accuracy and predictive performance of
computer-based image-processing techniques for detecting
bone metastases in patients with lung cancer. The bivariate
Reitsma model yielded a pooled sensitivity of 86% and a
pooled specificity of 87.8%, with an AUC of 0.931, supporting
the robustness and high diagnostic accuracy of these models
for identifying metastatic lesions. These findings highlight
the importance of integrating advanced imaging techniques
and computer-based processing methods into the clinical
diagnostic workflow, especially where early decision-making
is critical to optimize treatment strategies and supportive care.

Data synthesis was executed from 6 primary studies that
employed different imaging modalities and machine learning
classifier algorithms, including convolutional neural networks,
radiomics and Al-based methodologies, for identifying bone
metastasis. The pooled diagnostic metrics were high and
suggest that computer-based image processing techniques
have advantages over traditional radiographic interpreta-
tion approaches in improving diagnostic potential for bone
metastasis in clinical decision-making.

The present study also demonstrated some variability in
the performance metric values across different studies, with
the sensitivity ranging from 72.7 to 93.5%. These variabilities
can be attributed to several factors, such as different imaging
modalities, the efficacy of the employed machine learning algo-
rithms and the basic characteristics of the original studies. For
instance, advanced techniques such as ssDECT and Al-based
bone scintigraphy seem to perform better, possibly owing
to the enhanced quantitative information methodological
advances and pipeline for the study design.

1.0 Studies
® Dong_2015
< Zhao_2020
A Liu_2021
AHuo_2023
084 m Su_2024
E O Wang_2024
L}
> 06+
2
.‘i
f=4
[
@ 0.4
0.2+
— SROC X
— Confidence region
0.0+ o Summary estimate

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False-positive rate

Figure 4. The Summary receiver operating characteristic (SROC) curve for
the diagnosis of lung cancer with bone metastasis is displayed. The pooled
SROC was estimated using a bivariate Reitsma model. The AUC of 0.931
(summary estimate) indicates the acceptable diagnostic accuracy of model.

Computer-based processing algorithms are useful for
assisting radiologists in extracting sufficient information
from imaging results and precisely reducing time wastage for
diagnostic approaches (12,35). Beyond the diagnostic accuracy
metrics, the practical aspects of integrating Al-based image
processing in clinical settings is evident, considering several
practical factors. First, the interpretation of the radiological
images is crucial for clinical adaptation, as radiologists and
oncologists need to carefully assess every change in radio-
logical images, which is a time-consuming process. Al-based
algorithms with the ability to process high-dimensional data
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Figure 5. Distribution of predictive values. Plots of the results and distributions of (A) PPV and (B) NPV across a prevalence range of 5-15% for lung cancer
bone metastasis diagnostic techniques. The stable high NPVs with a narrow distribution indicate the reliability of negative test results for ruling out bone
metastasis. The PPV results present with a wider distribution and higher variability for the diagnosis of bone metastasis. NPV, negative predictive value; PPV,

positive predictive value.

can integrate all imaging features by applying a role-based
diagnostic model, boosted with the exact, feature-extracting
algorithms. Thereby, these techniques can effectively mini-
mize personal mistakes, mitigate overlapping features and
effectively assist radiologists in the accurate diagnosis and
multidisciplinary decision-making process. Furthermore, cost
effectiveness is an essential factor, especially when advanced
modalities are limited. In this context, computer-based
approaches are promising as they have the potential of an
accurate diagnosis, minimize misinterpreting and reducing
unnecessary downstream clinical examinations and manage-
ment (36-38).

The idea for integrating imaging-based AI with clinical
biomarkers has been proposed in the literature. For instance,
a study on colorectal cancer showed that the integration of
composite score with inflammation-related (for example,
c-Reactive protein or systemic immune inflammation score)
and nutrition-related (for example, albumin) biomarkers can
significantly enhance prognostic and clinical values in disease
stratification and precise risk categorization (38,39). In addi-
tion, the incorporation of these biomarkers with imaging
or Al information could potentially yield a more powerful
diagnostic model for metastatic outcomes (40). In addition, the
recent advances in multi-omics and metabolic reprogramming
studies have established a framework to improve investigation
of the mechanisms of the disease states (37). These findings
indicate a prospective direction wherein radiomics and deep
learning models for bone metastasis extend beyond imaging
data alone, incorporating multi-omics signatures and meta-
bolic reprogramming patterns to develop imaging-genomic
and imaging-metabolomic models that more accurately
reflect tumor biology, microenvironmental context and risk
of progression.

Over the last decade, the clinical utility of computational
image processing techniques has been studied extensively.
Cao et al (35) retrospectively explored clinical and imaging

Table V. Diagnostic metrics and predictive values of
constructed model.

Metric Mean 95% CI
Sensitivity 0.860 0.782-0.913
Specificity 0.878 0.822-0.926
Positive likelihood ratio 7.22 4.53-10.90
Negative likelihood ratio 0.165 0.096-0.262
Inverse negative likelihood ratio 6.48 3.82-10.40
Diagnostic odds ratio 49.30 17.50-111.00
Negative predictive value (5-15%) - 0.972-0.991
Positive predictive value (5-15%) - 0.273-0.554

CI, confidence interval.

results of 273 patients with lung adenocarcinoma to identify
predictive risk factors for bone metastasis. Su et al investigated
the integration of imaging results with the clinical informa-
tion of patients (15). Based on the results, a logistic regression
model was developed by integrating genomic mutations,
laboratory results, and imaging data, with an AUC of 0.91, to
validate bone metastasis. Noguchi et al (12), emphasizing the
importance of early diagnosis of metastatic status, especially in
bones, proposed a deep learning algorithm that could automati-
cally process the CT images and detect if bone metastasis had
occurred with a sensitivity of 89.8%. This result was strongly
consistent with the sensitivity of 86% in the present study, which
was achieved using a predictive bivariate Reitsma model.
Recent studies have developed various methodological
innovations underscoring the clinical application of
multi-panel or computational aided methodologies for bone
metastasis in diverse diseases and malignancies (36,41-43).
For instance, a deep learning architecture was applied by
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Crasta et al (44) to improve the accuracy of detecting bone
lesions. The authors introduced the integration of the imaging
results in a multi-modality approach, emphasizing the impor-
tance of applying combination techniques, such as Al for
diagnostic goals, as highlighted in the present pooled metrics
and meta-analysis. Liu et al (18) proposed the incorporation of
radiomic features combined with clinical parameters to build
robust predictive models, highlighting the methodological
advances discussed in the present study regarding feature-based
and learning-based approaches. Lastly, So et al (14) introduced
a novel machine learning model with improved sensitivity and
specificity to predict the risk of bone metastasis in patients
with lung cancer by employing clinical and radiological vari-
ables including T staging, consumption of EGFR inhibitors,
American Joint Committee on Cancer (AJCC) staging, and
presence of lymphovascular invasion. This evidence supports
the results in the present meta-analysis towards enhanced
performance metrics using advanced computer-based image
processing techniques.

The results of the present methodology comparison
among the included studies implied that the studies with
advanced imaging modalities, such as ssDECT in the study
by Dong et al (25) and bone scintigraphy in the study by
Zhao et al (26), were performed more successfully owing to the
advancement instrumental and, possibly, computational anal-
ysis (30,31). A strong negative correlation between sensitivity
and false-positive rate was observed in the present meta-anal-
ysis, suggesting a favorable trade-off for the high-performing
included studies. The other finding in the present study was
the higher value of the diagnostic model, with an AUC of
0.93, and the stable high NPV in all included studies, which is
useful for ruling out non-metastatic cases. Collectively, despite
some inconsistencies driven by the included studies, such as
difference in imaging modalities, study design and population,
these findings highlight the importance of applying advanced
image processing techniques over the traditional approach for
the interpretation of radiographic results.

One of the most relevant findings of the present study with
regard to the clinical perspective is the high NPV (0.972-9.991)
across a realistic prevalence range of 5-15%. Such a high NPV
strongly indicates its reliable application as a screening tool
for ruling out non-metastatic cases. It means that some lung
cancer patients complain of bone pain or other non-specific
symptoms. However, if they are considered ‘low risk’ because
of a negative imaging result, they should be assessed for other
bone problems before using expensive or invasive methods.

The present meta-analysis was written with adherence to
the PRISMA guidelines and utilized the Reitsma model to
explore the realistic diagnostic accuracy of image processing
techniques over traditional image interpretation for bone
metastasis. However, there were some inevitable limitations,
which are addressed as follows: First, each meta-analysis is
completely dependent on the presence of original research
articles according to predefined eligibility criteria. In the
present comprehensive search, only 6 studies were included,
which may potentially lower the statistical power of the
findings. The heterogeneity in imaging modalities and also
computational processing methodologies were other limita-
tions of the study. In addition, most of the included studies
were retrospectively designed, and the lack of external
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validation was evident in the included studies. However, most
of the mentioned limitations were associated with the primary
research, and considering the importance of the objectives,
they were disregarded in the present study. External vali-
dation was overlooked in the included studies and only a
limited number of studies reported detailed information on
providing a precise standard diagnostic protocol for cali-
bration and decision-making processes in computer-based
processing algorithms. Future research should aim to perform
multi-center, prospective studies to systematically validate
and standardize computer-based image processing tech-
niques for bone metastasis in patients with lung cancer. Such
studies should establish a standard prospective protocol and
evaluation framework in order to facilitate clinical translation,
optimizing the patients' management.

In conclusion, the present systematic review and meta-anal-
ysis demonstrated the advantages of computational-based
image processing techniques, such as AI, neural networks
and machine learning classifier algorithms, particularly CNN,
with high diagnostic accuracy for bone metastasis in patients
with lung cancer. Despite the limitations and challenges in
standardizing protocols, the findings of the present study
support the integration of the aforementioned advanced tech-
niques into clinical practice, indicating the potential for better
decision-making and improving the patient outcome.
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