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Summary

Background Bone metastasis significantly impact the prognosis of non-small cell lung cancer (NSCLC) patients,
reducing their quality of life and shortening their survival. Currently, there are no effective tools for the diagnosis
and risk assessment of early bone metastasis in NSCLC patients. This study employed machine learning to
analyze serum indicators that are closely associated with bone metastasis, aiming to construct a model for the
timely detection and prognostic evaluation of bone metastasis in NSCLC patients.

Methods The derivation cohort consisted of 664 individuals with stage IV NSCLC, diagnosed between 2015 and 2018.
The variables considered in this study included age, sex, and 18 specific serum indicators that have been linked to the
occurrence of bone metastasis in NSCLC. Variable selection used multivariate logistic regression analysis and Lasso
regression analysis. Six machine learning methods were utilized to develop a bone metastasis diagnostic model,
assessed with Area Under the Curve (AUC), Decision Curve Analysis (DCA), sensitivity, specificity, and validation
cohorts. External validation used 113 NSCLC patients from the Medical Alliance (2019-2020). Furthermore, a pro-
spective validation study was conducted on a cohort of 316 patients (2019-2020) who were devoid of bone metastasis,
and followed-up for at least two years to assess the predictive capabilities of this model. The model’s prognostic value
was evaluated using Kaplan—Meier survival curves.

Findings Through variable selection, 11 serum indictors were identified as independent predictive factors for NSCLC
bone metastasis. Six machine learning models were developed using age, sex, and these serum indicators. A random
forest (RF) model demonstrated strong performance during the training and internal validation cohorts, achieving an
AUC of 0.98 (95% CI 0.95-0.99) for internal validation. External validation further confirmed the RF model’s
effectiveness, yielding an AUC of 0.97 (95% CI 0.94-0.99). The calibration curves demonstrated a high level of
concordance between the anticipated risk and the observed risk of the RF model. Prospective validation revealed that
the RF model could predict the occurrence of bone metastasis approximately 10.27 + 3.58 months in advance, ac-
cording to the results of the SPECT. An online computing platform (https://bonemetastasis.shinyapps.io/shiny_cls_
1model/) for this RF model is publicly available and free-to-use by doctors and patients.

Interpretation This study innovatively employs age, gender, and 11 serological markers closely related to the
mechanism of bone metastasis to construct an RF model, providing a reliable tool for the early screening and
prognostic assessment of bone metastasis in NSCLC patients. However, as an exploratory study, the findings require
further validation through large-scale, multicenter prospective studies.
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Research in context

Evidence before this study

A comprehensive search was conducted on PubMed for
publications prior to February 27, 2024, utilizing search terms
“Bone metastasis,” “early diagnosis,” and “machine learning,”
without language restrictions. The search yielded a limited
number of relevant studies. Although there have been studies
on early diagnosis of tumor bone metastasis, no diagnostic
model for bone metastasis in non-small cell lung cancer
(NSCLC) patients has been established.

Added value of this study

In this study, machine learning algorithms were employed to
develop a diagnostic model for bone metastasis in NSCLC,
utilizing data from 664 patients with primary stage IV NSCLC
who had received a pathological diagnosis. The Random
Forest (RF) model, which includes age, sex, and 11 serum
molecular features, demonstrated the highest accuracy. The
area under the receiver operating characteristic curve (AUC) of
the RF model was 0.98 (95% CI 0.95-0.99) and 0.97 (95% Cl
0.94-0.99) in the internal and external validation cohorts,
respectively. Prospective validation revealed that, regarding

Introduction

Lung cancer ranks among the most prevalent cancers
globally, characterized by high incidence and mortality
rates." Notably, non-small cell lung cancer (NSCLC)
constitutes approximately 85% of all lung cancer cases.
A significant proportion of NSCLC patients, between
26% and 36%, develop bone metastasis.’ Studies have
shown that the median survival duration for NSCLC
patients after developing bone metastasis ranges from 5
to 11.5 months.** The bone destruction associated with
metastasis can lead to skeletal-related events (SREs),
such as bone pain, fractures, spinal cord compression,
and hypercalcemia, significantly affecting patients’ sur-
vival and quality of life.” Therefore, the prompt identi-
fication, diagnosis, and management of bone metastasis
in NSCLC are crucial for improving patient outcomes
and quality of life.

Currently, the primary clinical approach for diag-
nosing tumor bone metastasis relies on imaging tech-
niques.” However, these methods have limited
sensitivity, resulting in a delayed diagnosis and expo-
sure to radiation.” Imaging is also unsuitable for
frequent disease monitoring. Furthermore, the National
Comprehensive Cancer Network (NCCN) screening
guidelines in the United States similarly discourage
imaging assessments for asymptomatic patients.*’
Consequently, there is a pressing need for an effective

the results of the SPECT, the RF model—which consists of
clinical and plasma biomarkers, can diagnose bone metastasis
non-invasively yet reliably. Additionally, the RF model can
predict the occurrence of bone metastasis approximately
10.27 + 3.58 months in advance.

Implications of all the available evidence

The RF model established in our study has the potential to be
a valuable diagnostic tool for early detection and progression
monitoring of bone metastasis in NSCLC patients. The results
of this study enable early prediction of bone metastasis,
providing a basis for early intervention, reducing the
incidence of skeletal-related events (SREs), and ultimately
supporting the improvement of the quality of life of cancer
patients and contributing to the management of cancer as a
chronic condition. To facilitate the use of the RF model, a free
online computing platform has been made available at:
https://bonemetastasis.shinyapps.io/shiny_cls_1model/. This
platform offers doctors and patients a free online tool for
early diagnosis of NSCLC bone metastasis and prognosis
assessment, benefiting a wider range of patients.

and easily accessible tool for the early diagnosis and risk
assessment of NSCLC bone metastasis.

The occurrence of bone metastasis is a dynamic
process,'®'" which is closely associated with the inter-
action of cell factors derived from bone microenviron-
ment and the imbalance of regulatory factors derived
from bone metabolism.">"* Simultaneously, bone
metastasis disrupt the balance between bone resorption
and formation, leading to the release of a series of
products related to bone metabolism into the blood-
stream.''* Literature reports suggest that changes in
these factors in the serum may precede the detection of
bone metastasis through imaging.'” However, due to the
complexity and diversity of these indicators, the sensi-
tivity and specificity of individual indicators are limited.
Therefore, it is essential to comprehensively consider
multiple factors to thoroughly explore their diagnostic
utility in tumor bone metastasis.

The objective of this study was to develop an early
diagnostic model for bone metastasis by examining
serum indicators closely associated with the mecha-
nisms of bone metastasis. Candidate indicators included
regulators of calcium and phosphorus metabolism (Ca,
P, PTH, CT), bone turnover markers (BAP, tPINP,
OPG, NMID, B-CTx), bone-related hormones and cyto-
kines (FT3, FT4, TSH, IL-6, PTHRP), and electrolytes
(K, Na, Mg, Cl). The modeling approach utilized six
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distinct machine learning algorithms, namely decision
tree (DT), logistic regression (Logistic), multilayer per-
ceptron (MLP), random forest (RF), support vector ma-
chine (SVM), and extreme gradient boosting (Xgboost),
to construct the model.”* Through internal validation,
external validation, and prospective validation, the effi-
cacy of various algorithmic models was compared, and
their predictive capacity was evaluated to identify the
most optimal model. Finally, an online computing
platform based on the optimal model was developed to
facilitate the early diagnosis and prognostic assessment
of bone metastasis in NSCLC patients.

Methods

Research design

The research design for this study is depicted in Fig. 1
and comprises of 5 steps: development, internal valida-
tion, external validation, prospective validation, and
interpretation. Initially, a training cohort, constituting
70% of the derivation cohort, was used to develop pre-
dictive models. Subsequently, the remaining 30% of the
derivation cohort was designed for internal validation,
while an independent validation dataset was employed
for external validation. Furthermore, a follow-up study

with a minimum duration of two years was conducted
using a prospective validation cohort. Regarding the
results of the Single Photon Emission Computed To-
mography (SPECT), the model’s performance was
evaluated. The Shapley Additive explanations (SHAP)
algorithm was utilized to elucidate the significance of
features in the predictive model and to identify non-
linear relationships among risk predictors.

Study subjects

The derivation cohort, external validation cohort, and
prospective validation cohort adhered to the same in-
clusion and exclusion criteria. Inclusion criteria were as
follows: a. Patients diagnosed with stage IV NSCLC; b.
Patients who underwent Single Photon Emission
Computed Tomography (SPECT) during hospitalization
to diagnose bone metastasis and also received Magnetic
Resonance Imaging (MRI) examinations of suspicious
areas; c. Patients without severe diseases affecting the
heart, lungs, liver, kidneys, or blood system; d. Patients
aged between 40 and 80 years old, with a maximum age
difference of <20 years within the same cohort,
including both males and females; e. Patients whose
weight was within +10% of standard weight; f. Patients
who signed an informed consent form. The exclusion

Patient with NSCLC (IV)
from 2015-2018 (n=1223)

Prospective Validation cohort

According to inclusion
and exclusion criteria

664 NSCLC enrolled in
Derivation cohort
(325 with BM, 339 without BM)

\

2019-2020 NSCLC Patitent
without BM (n=316),

Follow-up at least two years

Sample selection

Data on clinical features, such as
age, sex,pathological type and
18 serum markers, were gathered
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Fig. 1: Flow diagram of the study population. Abbreviations: BM: bone metastasis; NBM: none-bone metastasis; NSCLC: Non-Small Cell Lung

Cancer.
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criteria were as follows: a. Patients with a history of
traumatic fractures prior to enrollment; b. Patients with
endocrine diseases affecting bone metabolism; c. Pa-
tients diagnosed with other malignant tumors or those
with abnormal liver function; d. Patients who had used
medications affecting bone metabolism, such as
bisphosphonates or denosumab, within the past 3
months; e. Pregnant and lactating women. According to
the “Expert Consensus on the Diagnosis and Treatment
of Bone metastasis in Lung Cancer (2019 Version)”" all
patients underwent screening undergo SPECT for
screening for bone metastasis. The frequency of bone
SPECT imaging was determined by clinic doctor and
did not exceed 6 months.

The derivation cohort included patients treated at our
hospital from January 2015 to December 2018, diag-
nosed with primary stage IV NSCLC. A total of 1223
individuals meeting these criteria were screened for
participation. Based on the exclusion criteria, 317 pa-
tients had undergone various treatments such as
chemotherapy, radiation therapy, immunotherapy,
bisphosphonate therapy, or other therapies within the
three months prior to their inclusion. Additionally, 205
patients had been diagnosed with endocrine, immune,
or metabolic disorders, while 37 patients had incom-
plete or missing data. Consequently, a total of 664
eligible patients were selected for the derivation cohort.
Among these patients, 325 were diagnosed with bone
metastasis based on bone SPECT imaging and MRI
examinations of suspicious areas, forming the bone
metastasis group. The remaining 339 patients showed
no signs of bone metastasis based on bone SPECT im-
aging and MRI examinations of suspicious areas,
constituting the non-bone metastasis  group.
Supplementary Table S1 presents an overview of the
clinical characteristics of the 664 patients included in
the derivation cohort.

The external validation cohort consisted of 113
eligible NSCLC patients, recruited from the Sixth
People’s Hospital Medical Alliance between January
2019 and December 2020. Among these, 46 patients
(40.71%) had bone metastasis, while 67 patients did
not. In terms of baseline clinical characteristics, such
as age and sex, the derivation and external validation
cohorts exhibited similarities. Supplementary Table S1
presents an overview of the clinical characteristics of
the 113 patients included in the external validation
cohort.

The prospective validation cohort consisted of 316
patients selected from the Sixth People’s Hospital be-
tween January 2019 and December 2020. These patients
were initially diagnosed with stage IV primary NSCLC
without bone metastasis during their initial hospitali-
zation. Subsequently, patients were subjected to
continuous monitoring until December 2022, ensuring
a minimum follow-up duration of two years. To monitor
the development of bone metastasis, all patients

underwent bone SPECT every 3—-6 months. The clinical
characteristics of the 316 patients included in the pro-
spective validation cohort are outlined in Supplementary
Table S1.

Data collection

This study collected patient data on age, sex, and labo-
ratory test results of tumor bone metastasis indicators
by reviewing electronic medical records and the labo-
ratory management system. The laboratory test results
included various aspects such as regulation features of
calcium-phosphorus metabolism (Ca, P, PTH, CT),
bone turnover markers (BAP, tP1INP, OPG, N-MID,
B-CTx), hormones and cytokines related to bone meta-
bolism (FT3, FT4, TSH, IL-6, PTHRP), and electrolytes
(K, Na, Mg, Cl). These variables were considered po-
tential predictive factors. The full names and abbrevia-
tions of the included features are listed in
Supplementary Table S2. In cases of missing data in
the electronic medical records, this issue was addressed
by conducting supplementary examinations on serum
samples obtained from patients, which were stored in
the laboratory sample repository.

Laboratory indicator measurements

Blood samples were collected from patients in the
morning, on an empty stomach, before anticancer
treatment on the first day of hospitalization. The
samples were allowed to sit at room temperature for
30 min, then centrifuged at 3500xg for 10 min. The
resultant serum was tested within 4 h while being
stored at 4 °C, with any remaining serum stored
at —80 °C.

The serum concentrations of tP1INP (03141071190),
B-CTx (11972308122), and IL-G (05109442190) were
quantitatively determined using the Roche Diagnostics
Cobas E601 (Switzerland) fully automated electro-
chemiluminescence immunoassay analyzer (ECLIA)
and its original reagents. The intra-batch precision for
tPINP, B-CTx, and IL-6 was within 8.7%, 5.7%, and
5.1%, respectively, while the inter-batch precision did
not exceed 3.2%, 4.7%, and 3.9%, respectively.

Serum levels of BAP, N-MID, TSH, PTH, CT, IL-6,
FT4, and FT3 were quantitatively assessed using the
Beckman Coulter DXI800 (USA) fully automated
chemiluminescence immunoassay analyzer and its
original reagents. Additionally, the serum concentra-
tions of K, Na, Cl, Ca, P, and Mg were quantitatively
measured using the Beckman Coulter AU5800 fully
automated blood biochemical analyzer and its original
reagents.

Serum concentrations of OPG (BYS10849B) and
PTHRP (BYS10753B) were quantitatively measured us-
ing an enzyme-linked immunosorbent assay (ELISA)
technique with a microplate reader (Biotech, Winooski,
USA). The repeatability coefficient of variation (CV) for
these assays was found to be below 15%.
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Statistical analysis
Baseline data analysis of patients began with normality
tests on the quantitative data. Normally distributed
continuous data were presented as Mean + SD, and
comparisons between groups were conducted using
independent samples t-tests. Skewed data were
described using the median (P25, P75), with group
comparisons performed via the Mann-Whitney U tests.
Count data were expressed as frequency (percentage,
%), with chi-square tests used for statistical analysis.
ROC curve analysis evaluated the diagnostic perfor-
mance, using the optimal Youden index method to
determine the cut-off values for each indicator. Multi-
variate logistic regression and Lasso regression analyses
were then used to finalize the variables for inclusion,
thereby eliminating any redundant features. Logistic
regression identified independent risk factors for bone
metastasis in NSCLC patients. Additionally, survival
analysis utilized Kaplan—Meier survival curve, with dif-
ferences assessed using the log-rank test. A two-tailed P-
value of less than 0.05 was deemed statistically
significant.

Variable selection

To determine the variables for inclusion in the machine
learning models, a preliminary univariate analysis
assessed differences in various indicators between pa-
tients with and without bone metastasis. Both univariate
and multivariate analyses utilized binary logistic
regression. Multivariate logistic regression analysis,
applying variables with statistically significant differ-
ences in univariate analysis (« entry = 0.05, o exit = 0.1),
estimated the odds ratio (OR) and the 95% confidence
interval (CI) for the OR. A P-value of less than 0.05 was
considered statistically significant. Lasso regression
analysis, implementing the L1 regularization method,
established inclusion and exclusion criteria based on the
magnitude of coefficient variables. Lasso regression
adds an L1 penalty term to the loss function, driving
some coefficients to zero and thus enabling automatic
feature selection. In the Independent variables with zero
coefficients were excluded, while those with non-zero
coefficients were retained in the Lasso regression.

Model derivation and validation

The machine learning algorithm models were developed
using Python version 3.8 and R version 4.2.3, in
conjunction with the Tidymodels package. Tidymodels
is a suite of packages designed for machine learning,
adhering to tidy principles. In this study, six machine
learning algorithms—Decision Tree (DT), Logistic
Regression (Logistic), Multilayer Perceptron (MLP),
Extreme Gradient Boosting (Xgboost), Support Vector
Machine (SVM), and Random Forest (RF)— were uti-
lized to construct the bone metastasis diagnostic model
via the Tidymodels package. The models were con-
structed as follows: The DT model using the
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decision_tree function, with the engine set to “rpart”;
the MLP model using the mlp function with the engine
set to “mlp”; the Xgboost model using the boost_tree
function with the engine set to “xgboost”; the Logistic
model using the logistic_reg function with the engine
set to “glm”; the SVM model using the svm_rbf function
with the engine set to “kernlab”; and the RF model us-
ing the rand_forest function with the engine set to
“randomForest”.

The derivation cohort was divided into a 70% training
cohort and a 30% internal validation cohort. The devel-
opment of the models employed six machine learning
algorithms: Logistic, DT, MLP, RF, SVM, and Xgboost.
Each classification algorithm underwent hyperparameter
tuning through 5-fold cross-validation internally. After
selecting the optimal hyperparameters, the model was
retrained on the complete training subset to finalize the
weighting and generate a locked model. These locked
models were then assessed on the internal validation
cohort. The evaluation of the trained models’ perfor-
mance included the comparing ROC curves and using
the Wilcoxon signed-rank test to evaluate the model’s
adequacy. The efficacy of the six machine learning algo-
rithms was assessed across the internal validation,
external validation, and prospective validation cohorts.
Ultimately, the most optimal model was utilized to
develop an online computing platform.

Ethics statement

Ethical approval for this study was granted by the Ethics
Review Committee of the Sixth People’s Hospital affil-
iated to Shanghai Jiao Tong University School of Med-
icine (Approval No. 2019-019). All participants in the
study were provided with information regarding the
study’s content and subsequently signed written
informed consent.

Role of the funding source

The funding source had no role in the study design, data
collection, analysis, interpretation of data, the writing of
the report, or in the decision to submit the paper for
publication. All authors had full access to all data in the
study and had final responsibility for the decision to
submit for publication.

Results
Patient characteristics
This study conducted an initial comparison among
three study groups: the healthy control group (123 in-
dividuals), the non-bone metastasis group (339 pa-
tients), and the bone metastasis group (325 patients).
The comparison focused on their baseline characteris-
tics including age at first admission, sex, and the base-
line levels of 18 serum indicators (Table 1).

In the comparison between the bone metastasis
group and the non-bone metastasis group (BM vs.
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Characteristics Healthy control (n = 123) NBM (n = 339) BM (n = 325) P value® P value® P value®
Sex (female) 55 (44.72%) 119 (35.10%) 127 (39.08%) 0.24 0.99 0.49
Age 2 (56-72) 64 (58-70) 4 (59-69) 031 0.14 0.090
Ca 3 (2.2-2.4) 2.23 (213-2.31) 2. 28 (2.17-2.41) <0.0001 <0.0001 0.0058
P 1(1.0-1.3) 1.05 (0.92-1.16) 1.21 (1.04-1.32) <0.0001 <0.0001 <0.0001
PTH 29.1 (23 5-38.9) 32.1 (24.3-47.5) 39.6 (27.5-55.9) 0.010 0.0092 <0.0001
T 0 (0.5-1.6) 1(0.8-3.6) 8 (0.5-2.4) <0.0001 <0.0001 0.0036
BAP 11.5 (7.8-14.2) 15.0 (11.0-21.1) 26.2 (12.1-43.2) <0.0001 <0.0001 <0.0001
tPINP 58.3 (41.1-69.9) 59.7 (40.1-98.5) 142.9 (115.0-173.1) <0.0001 <0.0001 <0.0001
OPG 960.3 (582-1753) 1149 (380-1583) 1287 (300.2-1920.0) 0.010 0.020 0.0071
B-CTx 423.3 (275-615.3) 513.7 (356.6-708.8) 672.8 (422.5-952.8) 0.0073 <0.0001 <0.0001
NMID 13.3 (9.9-16.8) 14.1 (9.0-20.9) 15.4 (9.8-22.4) 0.0067 0.41 0.0036
FT3 4 (3.6-4.8) 43 (3.7-5.0) 1 (3.7-4.6) 0.58 0.0019 0.020
FT4 17.1 (16.2-17.9) 17. 9 (15.7-19.6) 15.2 (117—18‘8) <0.0001 <0.0001 <0.0001
TSH 1(13-3.1) 2 (1.4-3.6) 2 (21-4.1) 0.16 <0.0001 <0.0001
IL-6 143 (7 3-283) 31 (7.0-112.6) 347 (1744—68.3) <0.0001 <0.0001 <0.0001
PTHRP 124.7 (73-196.1) 244.6 (127.2-398.1) 300.9 (108.0-539.9) <0.0001 <0.0001 <0.0001
K 0 (3.8-4.2) 4.0 (3.8-4.4) 9 (3.7-4.0) 013 <0.0001 0.020
Na 142 (141-143) 139 (137-141) 141 (139-143) <0.0001 <0.0001 <0.0001
Mg 9 (0.80-0.96) 0.77 (0.65-0.85) 0.85 (0.80-0.90) <0.0001 <0.0001 <0.0001
a 105 (104-107) 103 (101-105) 105 (104-107) <0.0001 <0.0001 0.94
Note: Skewed distributed quantitative data were presented as median (P25, P75) and compared between groups using the Mann-Whitney U test. Count data were
described as frequency (percentage %) and analyzed statistically using the chi-square test. BM: bone metastasis; NBM: none-bone metastasis; Ca: Calcium; P: Phosphorus;
PTH: Parathyroid Hormone; CT: Calcitonin; BAP: Bone specific alkaline phosphatase; tP1INP: Total type | procollagen amino-terminal peptide; OPG: Ostoeprotegerin; NMID:
N-Mid Osteocalcin; B-CTx: B-type | procollagen carboxy-terminal peptide; FT3: Free thiiodothyronine; FT4: Free thyroxine; TSH: Thyroid Stimulating Hormone; PTHRP:
Parathyroid hormone-related protein; IL-6: Interleukin-6; K: Potassium; Na: Sodium; Mg: Magnesium; Cl: Chloridion. P value for Healthy control vs. NBM. °P value for BM
vs. NBM. P value for Healthy control vs. BM.
Table 1: The baseline Characteristics of each indicator.

NBM), it was observed that the concentrations of serum
Ca, P, PTH, tP1INP, p-CTx, OPG, BAP, IL-6, PTHRP, K,
Na, and Mg were significantly higher in the bone
metastasis group (P < 0.05). Conversely, the levels of
FT3 and FT4 were significantly lower in the bone
metastasis group compared to the non-bone metastasis
group (P < 0.05). The analysis comparing the healthy
control group and the non-bone metastasis group
(Healthy control vs. NBM) showed statistically signifi-
cant differences in all indicators, except for FT3, FT4,
and K (P < 0.05). Additionally, the comparison between
the healthy control group and the bone metastasis group
(Healthy control vs. BM) revealed significant differences
in all 18 serum indicators (P < 0.05), indicating a strong
correlation between these serum indicators and the
development of bone metastasis in NSCLC.

Variable selection

To enhance the practicality and operability of the model,
multivariate logistic regression analysis was performed on
a set of 20 independent variables (Supplementary
Table S3) with the aim of eliminating redundant vari-
ables and identifying a more efficient, concise, and accu-
rate set of variables. The findings revealed that out of the
20 variables, only 11 indicators were independent pre-
dictors for NSCLC bone metastasis. Specifically, K, FT4,
CT, and BAP were identified as independent protective

factors for NSCLC bone metastasis, while tP1NP, B-CTx,
Ca, P, Na, Mg, and PTHRP were identified as indepen-
dent risk factors for NSCLC bone metastasis (Fig. 2A).
To further control for confounding factors, Lasso
regression analysis was employed for an in-depth se-
lection of the 20 independent variables. By means of
Lasso regression variable selection, a total of 13 inde-
pendent variables were selected from the initial pool of
20, encompassing age, sex, tPINP, Mg, K, P, Na, Ca,
CT, FT4, PTHRP, BAP, and B-CTx. The findings
demonstrated that the outcomes of feature selection
derived from the Lasso regression analysis were
congruent with those obtained from the multivariate
logistic regression analysis. The analysis of multi-
collinearity for the 13 variables revealed a VIF value
below 2, indicating the absence of significant multi-
collinearity =~ concerns  among  the  variables
(Supplementary Table S4). Additionally, the application
of Lasso regression feature selection and the examina-
tion of feature visualization using Shapley values
(Fig. 2B and C) demonstrated that the top 13 primary
features exhibited the highest predictive capacity.

Development and evaluation of the bone
metastasis diagnostic model

In the model training, a positive class represented the
presence of NSCLC bone metastasis, while a negative
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class represented the absence of bone metastasis.
Following variable selection, the input data to train the
model consisted of serum levels for 11 indicators closely
related to the mechanism of lung cancer bone metas-
tasis, in addition to age and sex of patients at admission.
Utilizing these 13 features, we developed six different
machine learning models, including DT, Logistic, MLP,
RF, SVM, and Xgboost. The findings of this study
demonstrate that the RF model displayed a significantly
higher AUC value in comparison to other machine
learning algorithms, within both the training and in-
ternal validation cohorts (Fig. 3A). Further examination
of the data in the internal validation cohort revealed that
the RF model exhibited an accuracy of 0.94, a sensitivity
of 91.84%, a specificity of 94.12%, an F1 score of 0.92,
and an AUC value of 0.98 (Fig. 3A, B, C, and Table 2).
These outcomes strongly suggest that the RF model
surpassed the other five models in terms of various
performance parameters. Decision Curve Analysis
(DCA) is a straightforward method to evaluate the clin-
ical utility of disease diagnostic models. The DCA curve
depicted in Fig. 3D further demonstrated that the RF
model had the highest clinical utility.

External validation of the bone metastasis
diagnostic model

This study involved conducting an external validation
and performance comparison of six machine learning
models using a cohort of 113 stage IV NSCLC patients
from the Sixth People’s Hospital Medical Alliance. Us-
ing a 5-fold cross-validation, it was observed that the
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AUC values for each model were similar, but the RF
model had a significantly higher AUC value (Fig. 4A). In
terms of predictive performance, the results obtained
from the external validation cohort indicated that the RF
model achieved an AUC of 0.97, followed by the
Xgboost model with an AUC of 0.95, the SVM model
with an AUC of 0.92, the MLP model with an AUC of
0.91, the Logistic model with an AUC of 0.90, and the
DT model with an AUC of 0.79. Notably, regarding the
results of the SPECT, the RF model consisting of clin-
ical and plasma biomarkers can diagnose bone metas-
tasis non-invasively yet reliably, as depicted in Fig. 4B.
Furthermore, Table 3 provides an overview of the ac-
curacy, AUC, kappa, sensitivity, specificity, Youden In-
dex, and F1 Score of the six models in the external
validation cohort. Data visualization was performed to
assess the predictive performance of the six models on
the external validation cohort. The calibration curve
(Fig. 4C) demonstrated a satisfactory alignment between
the predicted risk of the RF model and the observed
risk. To summarize, the outcomes of the external
confirm that the RF model demonstrates higher per-
formance in the early prediction of bone metastasis
(Fig. 4C).

Model interpretation

To ensure a comprehensive understanding of the
selected variables, we employed the SHAP algorithm to
highlight their predictive importance in the optimal RF
model for bone metastasis. Fig. 5A visually demon-
strates the 13 key features of the RF model, including
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age, sex, and 11 serum indicators. The influence of each
feature is illustrated by uniquely colored dots: red indi-
cating higher risk values and blue indicating lower ones.
Fig. 5B depicts the hierarchical organization of these 13
risk factors, underlining their significance in the model.
The x-axis, representing SHAP values, indicates the
importance of each factor. The strong link between the
11 serum indicators and the mechanism of bone
metastasis in lung cancer suggests their value as
dependable indicators for the clinically detecting this
type of disease progression.

Prognostic value analysis and online computing
platform for the model

To minimize evaluation bias, this study compared ma-
chine learning models with the clinically common
SPECT imaging method. We included 316 NSCLC

patients diagnosed without bone metastasis in a pro-
spective validation analysis. The median time to SPECT
examination in this cohort was 4.39 + 1.15 months.
During the follow-up, 123 patients developed bone
metastasis, resulting in an incidence rate of 38.92%. The
aim of this study was to assess the effectiveness of six
models in detecting early-stage NSCLC bone metastasis
using age, sex, and 11 serum indicators as inputs. Six
models were used for prediction. Risk stratification was
based on the models’ predicted optimal cut-off value
(average threshold for the six models = 40%). Patients
were divided into low-risk or high-risk groups according
to their risk probabilities relative to the cut-off value.
The analysis of the match between predicted and actual
cases of bone metastasis showed that the RF model had
the highest predictive accuracy, as evidenced by a Kappa
value of 0.87 (Table 4).

Model Accuracy AUC (95% CI) Kappa Sensitivity % Specitivity % Youden index F1 score
DT 0.85 0.89 (0.82-0.93) 0.70 87.18% 82.35% 0.70 0.87
Logistic 0.69 0.80 (0.76-0.83) 0.37 87.76% 62.75% 0.51 0.88
MLP 0.67 0.71 (0.67-0.76) 0.17 42.86% 75.16% 0.18 0.43
RF 0.94 0.98 (0.95-0.99) 0.84 91.84% 94.12% 0.86 0.92
SVM 0.79 0.88 (0.81-0.94) 0.58 87.18% 70.59% 0.58 0.87
Xgboost 0.93 0.97 (0.93-0.99) 0.80 89.80% 93.46% 0.83 0.90

NSCLC: Non-Small Cell Lung Cancer; AUC: Area Under Curve; Cl: Confidence Interval; DT: Decision tree model; Logistic: Logistic regression model; MLP: Multilayer perceptron
model; RF: Random forest model; SVM: Support vector machine model; Xgboost: Extreme gradient boosting model.

Table 2: Diagnostic performance of each model for NSCLC bone metastasis in internal validation cohort.
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Further analysis, using the initial diagnostic data of
NSCLC patients, showed that the optimal RF model
provided a significant lead time of approximately
10.27 £ 3.58 months for predicting bone metastasis,
according to the results of the SPECT (Table 4). For the
prospective validation cohort, which progressed from no
bone metastasis to developing bone metastasis, analysis
of multiple test results indicated that the RF model’s
predictive values for patients who developed bone
metastasis were significantly higher than those for pa-
tients who did not (Supplementary Fig. S4). This un-
derscores the RF model’s utility in monitoring disease
progression. Additionally, Kaplan—-Meier survival anal-
ysis showed that all six models predicted a higher
probability of bone metastasis in the high-risk group
(Fig. 6). Consequently, we created an online computing
platform  (https://bonemetastasis.shinyapps.io/shiny_
cls_1model/) based on the optimal RF model (Fig. 7).
This platform allows doctors and patients to perform
calculations online.

Discussion
The oneset of bone metastasis is a significant poor
prognostic risk factor for NSCLC patients,” and early

clinical diagnosis and intervention are crucial for
reducing the occurrence of SREs and improving patient
quality of life. To identify high-risk individuals, this
study incorporated age, sex, and 11 serum indicators
related to bone metastasis into the model parameters.
The first-ever Random Forest model based on blood
biomarkers was developed for the early diagnosis and
progression monitoring of NSCLC bone metastasis.
Regarding the results of the SPECT, the RF model,
which consists of clinical and plasma biomarkers, can
diagnose bone metastasis non-invasively yet reliably.
Additionally, the RF model could predict the occurrence
of bone metastasis approximately 10.27 + 3.58 months
in advance. The findings of this study have the potential
to predict bone metastasis occurrence in advance,
facilitate prompt intervention, mitigate the occurrence
of SREs, and ultimately enhance the prognosis of
patients.

During the formation of bone metastasis, tumor cells
settle in the bone and enter a dormant state. Upon
stimulation by specific conditions, these dormant tumor
cells become activated and start proliferating, leading to
bone destruction and subsequent disruption of bone
metabolism balance. During the transition from
dormancy to activation, tumor cells release cytokines

Model Accuracy AUC (95% CI) Kappa Sensitivity % Specitivity % Youden index F1 score
DT 0.80 0.79 (0.73-0.86) 0.61 81.93% 79.00% 0.61 0.81
Logistic 0.83 0.90 (0.85-0.94) 0.65 84.00% 81.00% 0.65 0.83
MLP 0.81 0.91 (0.86-0.95) 0.62 70.34% 91.76% 0.62 0.79
RF 0.89 0.97 (0.94-0.99) 0.77 86.11% 90.65% 0.77 0.89
SVM 0.69 0.92 (0.87-0.96) 038 42.36% 97.06% 0.39 0.58
Xgboost 0.86 0.95 (0.91-0.98) 0.72 88.36% 84.12% 0.72 0.87

NSCLC: Non-Small Cell Lung Cancer; AUC: Area Under Curve; Cl: Confidence Interval; DT: Decision tree model; Logistic: Logistic regression model; MLP: Multilayer perceptron
model; RF: Random forest model; SVM: Support vector machine model; Xgboost: Extreme gradient boosting model.

Table 3: Diagnostic performance of each model for NSCLC bone metastases in external validation cohort.
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(such as OPG, PTHRP, and IL-6) to adapt to the bone
microenvironment. Additionally, proliferating tumor
cells release cytokines (such as IL-6, etc.), further pro-
moting bone destruction. Thyroid-related hormones
(FT3, FT4, TSH, PTH, and PTHRP) and calcitonin (CT)

contributing to the modulation of bone metabolism
balance.”® When bone destruction reaches a certain
level, disturbances in bone metabolism balance occur,
leading to the release of bone metabolism-related mol-
ecules (including BAP, NMID, p-CTx, and tP1NP) into

participate in regulating osteoclast generation,  the bloodstream, resulting in electrolyte disturbances
Approaches Patients Predicted Actual Kappa Actual P value
n =316 (months)
DT <0.0001
Low risk (£40.00%) 189 17.84% 17.46% (33/189) 071 9.76 £ 3.17
High risk (>40.00%) 127 68.70% 70.87% (90/127)
Logistic <0.0001
Low risk (<40.00%) 183 12.43% 12.57% (23/183) 0.81 9.53 + 2.79
High risk (>40.00%) 133 76.34% 75.19% (100/133)
MLP <0.0001
Low risk (<40.00%) 189 11.35% 11.11% (21/189) 0.75 9.89 + 2.96
High risk (>40.00%) 127 77.86% 80.31% (102/127)
RF <0.0001
Low risk (<40.00%) 192 14.05% 13.54% (26/192) 0.87 10.27 + 3.58
High risk (>40.00%) 124 74.05% 78.23% (97/124)
SVM <0.0001
Low risk (<40.00%) 181 9.19% 9.39% (17/181) 0.79 9.57 226
High risk (>40.00%) 135 80.92% 78.51% (106/135)
Xgboost <0.0001
Low risk (<40.00%) 195 12.43% 11.19% (23/195) 0.83 10.05 + 3.64
High risk (>40.00%) 121 76.34% 82.64% (100/121)
AUC: Area Under Curve; Cl: Confidence Interval; kappa: Kappa coefficient; DT: Decision tree model; Logistic: Logistic regression model; MLP: Multilayer perceptron model; RF:
Random forest model; SVM: Support vector machine model; Xgboost: Extreme gradient boosting model.
Table 4: Risk stratification based on the optimal cut-off value in the models.
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and exacerbating the occurrence of SREs."*** Detecting
these molecules can provide information about the early
progression of tumor bone metastasis.

Considering the applicability of the model in clinical
practice, this study selected relevant molecules for
which corresponding reagents available for clinical
testing. Due to the occurrence of bone metastasis being
the result of multiple molecular interactions, the
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diagnostic efficacy of individual indicators for tumor
bone metastasis is insufficient. Our findings also
demonstrated that the diagnostic value of these indi-
vidual indicators (AUC: 0.558-0.795) was limited, as
illustrated in Supplementary Table S5. To improve
precision, machine learning techniques were employed
to evaluate age, sex, and 18 serum indicators associated
with bone metastasis. Variable selection was conducted
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among 664 patients in the derivation cohort, consisting
of 597 cases of adenocarcinoma and 67 cases of squa-
mous cell carcinoma. It was determined that variables
such as pathological classification did not meet the
criteria for inclusion in the multivariate logistic regres-
sion analysis and were therefore excluded from the
study. Subsequent ROC curve analysis indicated that
there was no statistically significant disparity in the
diagnostic efficacy of the RF model between the
adenocarcinoma and squamous carcinoma groups
within the derivation cohort (Supplementary Fig. S5).
Through feature selection using multivariate logistic
regression analysis and LASSO regression analysis, 11
serum indicators were selected in addition to age and
sex, which were used as input parameters for the ma-
chine learning model.

This study employed six widely-used machine
learning algorithms on medical data to develop a diag-
nostic model for bone metastasis in NSCLC."** The
findings revealed that the RF model exhibited higher
performance compared to the other models in accu-
rately diagnosing bone metastasis, as demonstrated in
both the training and the internal validation cohorts. In
Fig. 3D, the decision curve analysis (DCA) of the six
models also demonstrated that the RF model exhibited
higher clinical utility. This study also found that three
models (MLP, DT, and Logistic) had portions of their
DCA curves below the bottom line, indicating poor
performance of these models at the decision thresholds,
resulting in a decline in the curve within this range.
Furthermore, external validation substantiated the
model’s effectiveness, surpassing the other models with
an AUC of 0.93. Prospective validation further sup-
ported the RF model’s superiority in the timely detec-
tion and prognosis of bone metastasis in NSCLC.
Regarding the results of the SPECT, the RF model could
predict the occurrence of bone metastasis approximately
10.27 = 3.58 months in advance. These consistent
findings may improve doctors’ confidence in using
predictive models. The RF algorithm’s outstanding
performance aligns with prior research, as the use of RF
excels in serum-based diagnostic models.”** Its inte-
gration of decision trees and feature synthesis enhances
accuracy,” which is suitable for the multi-stage, multi-
step nature of tumor bone metastasis mechanisms.

The interpretability of medical diagnostic models is
crucial for doctor acceptance and trust. We collected
relevant serum indicators, such as cytokines,”*'" blood
calcium,” phosphorus,”*” electrolytes,”” hormones, and
bone turnover markers,”* to ensure the relevance of
model parameters to diagnostic outcomes in the com-
plex bone metastasis process. SHAP value analysis was
used to assess model interpretability, with the corre-
sponding SHAP values shown in Supplementary Fig. S1
and the feature importance rankings shown in
Supplementary Fig. S2. Additionally, Supplementary
Fig. S3 describes the computation process for

individual cases in the six models, aiding doctors in
understanding how the models make predictions. To
assess the model’s robustness, we reported the missing
rates for each variable among 37 patients
(Supplementary Table S6). We found that the age and
sex distribution of these patients closely matches that of
the derivation cohort, suggesting the data are missing at
random. We utilized a multiple imputation method
based on random forests to address the missing values.
The sensitivity analysis within the internal validation
cohort, detailed in Supplementary Table S7, confirmed
the optimal RF model’s robustness post-imputation
within the internal validation cohort. This consistency
in performance, even with missing data addressed,
underscores the RF model’s reliability for practical use.
In summary, the RF model in this study offers high
interpretability and informs doctors about how model
predictions were made. To benefit a broader audience
and validate the model, an online computing platform
based on the optimal RF model was developed. It assists
clinical doctors in the early diagnosis of NSCLC bone
metastasis, addressing current challenges posed by the
onset of bone metastasis.

The innovation of this study can be highlighted in
two main aspects. Firstly, it considers serum indicators
throughout the entire bone metastasis process and es-
tablishes an interpretable machine learning model,
enhancing model understanding for users. Secondly, it
introduces a simple, accurate, and continuous bone
metastasis prediction tool, expected to identify risk
months ahead of imaging techniques. However, certain
limitations exist in this study. Molecular imaging based
on PET-CT can detect bone metastasis earlier than
SPECT imaging. The results of this study lay the foun-
dation for future research in fusion imaging based on
PET-CT. In addition, incorporating information on pa-
tients’ molecular genetic factors and driver gene muta-
tions may be helpful to expand the scope and
effectiveness of the model. The dataset primarily com-
prises NSCLC patients suspected of having bone
metastasis, thereby rendering the model more appro-
priate for this particular patient population. Its gener-
alizability to other solid tumor bone metastasis remains
uncertain. Future research efforts will seek to validate
this model on a broader scope by incorporating sup-
plementary parameters related to bone metastasis,
thereby enhancing its adaptability and applicability as
the database evolves.

In conclusion, the RF model developed in this study
has the potential to serve as an auxiliary tool for the early
diagnosis and prognostic assessment of bone metastasis
in NSCLC patients. Regarding the results of the SPECT,
the RF model demonstrates a high level of sensitivity in
accurately diagnosing bone metastasis. Additionally, an
online computing platform was developed for the pre-
diction of bone metastasis in NSCLC, presenting a novel
approach with the potential to improve the early
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screening for bone metastasis and prognostic assess-
ment of NSCLC patients.
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