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Abstract

Background Sarcopenia is a clinicopathological condition characterized by a decrease in muscle strength and mus-
cle mass, playing a crucial role in the prognosis of cancer. Therefore, this study aims to investigate the association
between sarcopenia and both all-cause mortality and cancer-specific mortality among cancer patients. Furthermore,
we plan to develop risk prediction models using machine learning algorithms to predict 3-year and 5-year survival
rates in cancer patients.

Method This study included 1095 cancer patients from the National Health and Nutrition Examination Survey (NHANES)
cohorts spanning 1999-2006 and 2011-2014. Initially, we used the Least Absolute Shrinkage and Selection Operator
(LASSO)-Cox regression models for feature selection. Subsequently, we employed multivariable Cox regression models
to investigate the association between sarcopenia and all-cause and cancer-specific mortality in cancer patients. We
developed five machine learning algorithms, including Support Vector Machine (SVYM), Logistic Regression (LR), Random
Forest (RF), LightGBM, and XGBoost, to predict 3-year and 5-year survival rates and to perform risk stratification.

Results The multivariable COX regression model showed sarcopenia significantly increases the risk of all-cause mortal-
ity (HR=1.33,95%Cl:1.05, 1.70, P=0.0194) and cancer-specific mortality (HR=1.67, 95%Cl:1.09, 2.55, P=0.0176) in cancer
patients. Among the five machine learning algorithms developed, the LightGBM model demonstrated strong perfor-
mance in the 3-year and 5-year survival prediction tasks, making it the optimal model selection. Decision curve analysis
and Kaplan—-Meier curves further confirmed our model's ability to identify high-risk individuals effectively.

Conclusions Sarcopenia significantly increases the risk of mortality in cancer patients. We developed a survival
prediction model for cancer patients that effectively identifies high-risk individuals, thereby providing a foundation
for personalized survival assessment.
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Introduction

Sarcopenia is a clinicopathological condition character-
ized by a reduction in muscle strength and muscle mass
[1, 2], which is more prevalent in the aged and cancer
patients [3]. Current research indicates that sarcopenia
is closely associated with a variety of adverse health out-
comes, including aging [4], obesity [5], chronic inflam-
mation [6], cardiovascular diseases [7], malignancies [8],
and an increased risk of mortality [9].

Cancer, as a significant global public health issue, has
become a leading cause of death, with an estimated 9.7
million cancer-related deaths worldwide in 2022 [10].
In recent years, as an understanding of cancer manage-
ment has deepened, more studies have found that nutri-
tional status, muscle condition, and weight changes play
critical roles in the development and prognosis of cancer
[11]. For cancer patients, sarcopenia not only affects their
body composition but is also associated with various
adverse clinical outcomes, including prolonged hospitali-
zation, increased postoperative complications, reduced
chemotherapy tolerance, and shortened survival [12].
Therefore, in-depth research on the impact of sarcopenia
on the prognosis of cancer patients has significant clini-
cal importance. Although existing studies have shown
that sarcopenia is related to both short-term and long-
term outcomes in cancer patients [13—-15], the relation-
ship between sarcopenia and mortality in cancer patients
has not been fully explored.

With the rapid advancement of artificial intelligence,
machine learning (ML) has emerged as an efficient and
personalized solution for addressing complex medi-
cal problems by automatically identifying patterns and
features within data. Compared with traditional statis-
tical methods, ML offers superior predictive power and
generalizability, and has thus been widely applied in
various areas of medical research, including disease diag-
nosis, prognosis evaluation, and individualized treatment
decision-making—particularly in the field of oncology
[16, 17]. For example, an ML model based on radiomics
demonstrated favorable performance in predicting the
response of locally advanced gastric cancer to neoadju-
vant immunotherapy [18]. In addition, ML models con-
structed using clinicopathological features have shown
satisfactory accuracy in predicting survival outcomes in
patients with residual gastric cancer [19]. By leveraging
such techniques, multidimensional clinical data can be
effectively utilized to provide more accurate and person-
alized survival predictions for cancer patients.

Therefore, this study aims to investigate the relation-
ship between sarcopenia and mortality among cancer
patients based on the NHANES database. Furthermore,
we strive to develop a risk prediction model using
machine learning algorithms to predict cancer patients’
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3-year and 5-year survival rates. This model will help
identify high-risk individuals and provide a basis for early
prevention and personalized treatment.

Methods

Study population

NHANES is a cross-sectional survey conducted by
the National Center for Health Statistics (NCHS). It is
designed using stratified, multistage probability sam-
pling to provide a reliable assessment of the nutritional
and health status of the population in the U.S. [20]. The
NCHS Ethics Review Board approved the NHANES
study, and all participants provided written informed
consent.

The study’s data was obtained from six cycles of
NHANES, spanning from 1999 to 2006 and 2011 to 2014.
These cycles include accessible whole-body dual-energy
X-ray absorptiometry (DXA) data, encompassing a total
of 61,405 participants. Subsequently, the information
of these participants was linked to the National Death
Index (NDI) from the NCHS, thereby constructing the
NHANES longitudinal follow-up cohort [21]. Follow-
up was conducted until December 31, 2019, to deter-
mine the survival status of these individuals. Our study
recruited adult participants eligible for mortality follow-
up, excluding those under 20 years of age, not available
for public release, or ineligible for mortality follow-up.

Furthermore, individuals without height and DXA
measurements, as well as those who did not disclose
their cancer or malignancy status on the questionnaire or
had missing questionnaire information, were excluded.
Cancer or malignancy diagnoses are based on a ques-
tion asked by trained interviewers: ‘Have you ever been
told by a doctor or other health professional that you had
cancer or a malignancy of any kind?’ The study included
1095 subjects. The process of data selection is detailed in
Fig. 1. All data used in this study are publicly available.

Sarcopenia and Mortality

The definition of sarcopenia is based on the revised con-
sensus of the European Working Group on Sarcopenia
in Older People (EWGSOP) [1]. Sarcopenia is diagnosed
when muscle mass falls below 7.0 kg/m? for men and
5.5 kg/m? for women. Muscle mass is measured using
appendicular skeletal muscle mass (ASM), which is
obtained by adjusting the square of height. Dual-energy
X-ray absorptiometry (DXA) is a non-invasive method
widely used today to measure muscle mass [22]. Muscle
mass is the sum of appendicular skeletal muscle mass
measured by DXA. DXA measurements were performed
using a Hologic QDR 4500A fan-beam X-ray bone
densitometer (Hologic Inc., Marlborough, MA, USA)
and a Hologic Discovery A densitometer in NHANES
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Fig. 1 Flowchart for participant selection in this study

1999-2006 and 2011-2014, respectively. Height was
measured at the mobile screening center using stand-
ardized techniques and equipment. Pregnant women
weighing over 136 kg or measuring over 196 cm tall were
excluded from DXA measurements to ensure safety.
All-cause mortality was determined based on records
from the NDI. Specific mortality was determined using
ICD-10. Cancer deaths were defined as ICD-10 codes
C00-C97.

Covariates

Based on current research regarding sarcopenia and can-
cer, this study included additional variables potentially
associated with both sarcopenia and mortality among
cancer patients as covariates. This study incorporated 21
covariates, including demographic characteristics, socio-
economic status, lifestyle factors, medical history, physi-
cal measurement indicators, and laboratory test markers.
Demographic characteristics encompassed gender, age,
ethnicity, and marital status. The poverty income ratio
and educational level represented socioeconomic indi-
cators. Lifestyle factors primarily involved smoking and
alcohol consumption habits. Medical history included
diabetes, hypertension, and coronary heart disease. Phys-
ical measurements comprised body mass index (BMI).
Laboratory tests covered ten variables: white blood cell
count, hemoglobin, albumin, and creatinine. The data for
BMI and alcohol intake were collected by trained health
technicians at Mobile Examination Centers (MEC). The
remaining variables were gathered through standard-
ized questionnaires during household interviews. Further

v

details on definitions can be found in the Additional
file 1: Supplementary methods. All variables had missing
rates < 10%, and we filled in the missing values using the
missForest method, which interpolates non-parametric
missing values for mixed-type data [23].

Feature selection

Univariate Cox regression analysis examined the associa-
tions between variables and survival time. Subsequently.
LASSO-Cox regression was utilized to mitigate the
effects of multicollinearity among variables and to gen-
erate the final feature set. This technique identifies irrel-
evant features by zeroing their coefficients, dependent on
the regularization parameter A. The optimal A was ascer-
tained via tenfold cross-validation, choosing the value
that minimized the mean standard error.

Multivariable COX regression model

Before constructing the Cox proportional hazards model,
we assessed potential violations of the proportional
hazards assumption by examining whether Kaplan—
Meier curves for all-cause and cancer-specific mortality
crossed according to sarcopenia status. Subsequently,
Multivariable Cox regression models were employed to
investigate the relationship between sarcopenia and the
risks of all-cause and cancer-specific mortality in cancer
patients. Hazard ratios (HRs) and their 95% confidence
intervals (CIs) were estimated. Additionally, the asso-
ciation between sarcopenia and cancer-specific mortality
was further evaluated using the Fine-Gray subdistribu-
tion hazard model, considering non-cancer death as a
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competing event. Subdistribution hazard ratios (SHRs)
and their 95% CIs were calculated accordingly.

Furthermore, this study investigated potential interac-
tions between multiple stratification variables and mor-
tality, and sensitivity analyses were conducted to verify
the robustness of the findings. To ensure the accuracy of
the analyses, patients who died within the first two years
of the follow-up period were excluded, thus further vali-
dating the association between sarcopenia and long-term
mortality in cancer patients.

Machine learning models and risk stratification

To address sarcopenia, we developed five machine learn-
ing algorithms, including Support Vector Machine
(SVM), Logistic Regression (LR), Random Forest (RF),
LightGBM, and XGBoost, to predict the 3-year and
5-year survival rates of patients. The dataset was ran-
domly split into training and validation sets in an 8:2
ratio. To ensure model stability and generalizability, we
employed a fivefold cross-validation approach. The pre-
dictive performance of each model was evaluated by
drawing ROC curves and calculating multiple perfor-
mance metrics such as accuracy, AUC, sensitivity, and
specificity to identify the model with the best average
performance as the final predictive tool. Additionally, the
clinical utility of the final model was explored through
Decision Curve Analysis (DCA). Based on the risk scores
from the final model, optimal risk thresholds were estab-
lished, categorizing patients into high-risk and low-risk
groups. Kaplan—Meier survival curves illustrated signifi-
cant survival differences between these risk groups, and
the Log-rank test was used to verify these differences
statistically.

Statistical analyses

Baseline characteristics are reported as medians and
interquartile ranges for continuous variables, com-
pared with Mann—Whitney U test, and as frequencies
and percentages for categorical variables, analyzed with
Chi-squared tests. The median follow-up time was esti-
mated using the reverse Kaplan—Meier method. Data
analysis and visualization were performed using R soft-
ware version 4.1 (available at http://www.R-project.org;
provided by The R Foundation), EmpowerStats (availa-
ble at http://www.empowerstats.com; provided by X&Y
Solutions, Inc.), and Python version 3.7.12 (available at
https://www.python.org). Machine learning algorithms
were implemented using scikit-learn version 1.0.2. The
optimal cut-off value for risk scoring was determined
using X-tile software version 3.6.1 [24]. A two-sided
p-value of less than 0.05 was considered statistically
significant.
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Results

Baseline characteristics of study participants

This study ultimately included 1095 cancer patients
who met the follow-up criteria, with females compris-
ing 55.71%. During a median follow-up of 197 months,
471 deaths were recorded, including 155 cancer-specific
deaths. Table 1 presents the baseline characteristics of
the patients, categorized by the presence or absence of
sarcopenia. Patients with sarcopenia were more likely to
be older, non-Hispanic white, and current drinkers (all
P<0.05). Baseline characteristics according to all-cause
mortality are detailed in Additional file 1: Supplementary
Table 1. Baseline characteristics of patients with cancer
types having a sample size greater than 50, stratified by
sarcopenia status, are presented in Additional File 1: Sup-
plementary Table 2.

Feature selection
The results of univariate Cox regression analyses for all
variables are presented in Additional file 1: Supplemen-
tary Table 3, with covariates exhibiting P-values less than
0.05 subsequently included in further LASSO-Cox selec-
tion. Through tenfold cross-validation to maximize the
Concordance index, we identified the optimal A value
that yielded the highest Concordance index (Fig. 2B).
Using this optimal X\ value, we fitted the LASSO-Cox
regression model, identified features with coefficients
equal to zero, and subsequently removed them(Fig. 2A).
This process resulted in retaining 17 features with non-
zero coefficients (Fig. 2C).

Figure 2A and B depict the coefficients and concord-
ance indices from tenfold cross-validation. Figure 2C
Illustrates the selected final feature set.

Association between sarcopenia and mortality
Kaplan—Meier curves indicated that cancer patients with
sarcopenia had significantly higher all-cause and cancer-
specific mortality rates compared to those without sar-
copenia (Log-rank P<0.001), suggesting no violation of
the proportional hazards assumption of the Cox model
(Fig. 3).

Multivariable Cox regression analysis indicated that
sarcopenia is significantly associated with higher all-
cause and cancer-specific mortality in cancer patients.
Table 2 illustrates that in the unadjusted crude model,
HRs for all-cause and cancer-specific mortality for
patients with sarcopenia were 2.06 (95% CI: 1.70-2.50,
P<0.0001) and 1.97 (95% CI: 1.41- 2.76, P<0.0001),
respectively. After adjusting for age and gender, the HR
for all-cause mortality decreased to 1.77 (95% CI: 1.45—
2.15, P<0.0001), and the HR for cancer-specific mor-
tality reduced to 1.79 (95% CI: 1.27-2.52, P=0.0008).
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Table 1 Baseline characteristics of participants stratified by sarcopenia status
Total Non-sarcopenia Sarcopenia P-value

PIR 2.73(1.45,4.65) 2.93(1.57,4.99) 2.16(1.30,3.75) <0.001
BMI, kg/m2 26.90 (23.90, 30.57) 28.08 (25.38,31.79) 22.80(20.77,24.38) <0.001
ALT, IU/L 20.00 (16.00, 26.00) 21.00 (17.00, 27.00) 18.00 (15.00, 22.00) <0.001
Albumin, g/dl 4.25(4.10,4.40) 4.20 (4.00, 4.40) 4.30(4.10,4.50) 0.031
Creatinine, pmol/L 79.56 (61.90, 88.40) 79.56 (61.90, 88.40) 79.56 (61.90, 97.20) 0.684
Uric acid, mg/d! 5.30(4.40,6.10) 540 (4.60, 6.30) 4.80(3.92,5.70) <0.001
Blood urea nitrogen, mmol/L 5.00 (3.93,6.40) 5.00(3.93,6.10) 5.04(3.93,643) 0.420
Total cholesterol, mmol/L 5.17(4.53,5.82) 5.20(4.53,5.87) 5.08 (4.54,5.67) 0.188
Red blood cell count, 10° cells/uL 4.55(4.29,4.89) 4.57 (4.30,4.90) 4.50 (4.26,4.83) 0.032
Hemoglobin, g/dI 14.10 (13.30, 15.00) 14.10 (13.30, 15.00) 14.00 (13.40, 14.90) 0407
White blood cell count, 103ceHS/pL 6.80 (5.60, 8.10) 6.80 (5.60, 8.06) 6.79 (5.60, 8.20) 0.629
Age, years <0.001

<65 593 (54.16%) 507 (58.61%) 86 (37.39%)

>65 502 (45.84%) 358 (41.39%) 144 (62.61%)
Sex, n (%) 0.751

Female 610 (55.71%) 484 (55.95%) 126 (54.78%)

Male 485 (44.29%) 381 (44.05%) 104 (45.22%)
Race, n (%) <0.001

Hispanic 126 (11.51%) 102 (11.79%) 24 (10.43%)

Non-Hispanic Black 132 (12.05%) 122 (14.10%) 10 (4.35%)

Non-Hispanic White 802 (73.24%) 614 (70.98%) 188 (81.74%)

Other Race 35 (3.20%) 27 (3.12%) 8 (3.48%)
Marital, n (%) 0.567

Never married 59 (5.48%) 46 (5.39%) 13 (5.86%)

Married /Living with partner 697 (64.78%) 561 (65.69%) 136 (61.26%)

Widowed/Divorced/ Separated 320 (29.74%) 247 (28.92%) 73 (32.88%)
Education, n (%) 0.082

<high school 249 (22.78%) 185 (21.41%) 64 (27.95%)

high school 266 (24.34%) 217 (25.12%) 49 (21.40%)

> high school 578 (52.88%) 462 (53.47%) 116 (50.66%)
Smoking, n (%) 0.584

never 456 (41.64%) 367 (42.43%) 89 (38.70%)

now 217 (19.82%) 170 (19.65%) 47 (20.43%)

former 422 (38.54%) 328(37.92%) 94 (40.87%)
Drinking, n (%) 0.025

never 138 (12.96%) 102 (12.14%) 36 (16.00%)

now 651 (61.13%) 531(63.21%) 120 (53.33%)

former 276 (25.92%) 207 (24.64%) 69 (30.67%)
Diabetes, n (%) 0.219

no 893 (81.55%) 699 (80.81%) 194 (84.35%)

yes 202 (18.45%) 166 (19.19%) 36 (15.65%)
Hypertension, n (%) 0.595

no 464 (42.37%) 363 (41.97%) 101 (43.91%)

yes 631 (57.63%) 502 (58.03%) 129 (56.09%)
Coronary heart disease, n (%) 0.552

no 1004 (92.19%) 795 (92.44%) 209 (91.27%)

yes 85 (7.81%) 65 (7.56%) 20 (8.73%)
Status, n (%) <0.001

Alive
Death

606 (55.34%)
489 (44.66%)

524 (60.58%)
341 (39.42%)

82 (35.65%)
148 (64.35%)

Median (Q1, Q3) for continuous variables, n (%) for categorical variables
BMI Body mass index, PIR Poverty income ratio
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Fig. 2 The feature selection process uses the LASSO-Cox regression model

Further adjustments in Model 2 led to a further decrease = P=0.0149) for all-cause mortality and an HR of 1.67
in the HR for all-cause mortality to 1.30 (95% CIL: 1.02—  (95% CI: 1.09-2.55; P=0.0176) for cancer-specific mor-
1.64, P=0.0311), which remained significant; however, tality. Furthermore, the association between sarcopenia
the HR for cancer-specific mortality changed slightly. and cancer-specific mortality remained robust in the
After total adjustment, Model 3 showed that sarcopenia  Fine and Gray competing risk model (Additional file 1:
was associated with an HR of 1.33 (95% CI: 1.05-1.70;  Supplementary Table 4).



Cui et al. BMC Cancer (2025) 25:919

A SARCOPENIA No =r= Yes

e STy
- o
< o

Survival probability

SARCOPENTA

0.2
p < 0.0001
). 001
0 50 100 150 200 250
OSTIME
Number at risk
<C
& — | 865 7R3 570 151 220 0
S
= | 230 178 122 84 28 0
-
w
0 50 100 150 200 250
OSTIME

Page 7 of 14

B SARCOPENTA No == Yes

p < 0.0001
0 50 100 150 200 250
OSTIME
Number at risk
865 783 570 451 220 0
— | 230 178 122 84 28 0
0 50 100 150 200 250
OSTIME

Fig. 3 Kaplan-Meier curves for different mortality outcomes in the total population. Kaplan—Meier survival curves for A all-cause mortality and B

cancer mortality among total participants grouped by sarcopenia status

Table 2 Relationship between sarcopenia and mortality in cancer patients

Sarcopenia  Crude Model HR (95%Cl) P-value

Model 1 HR (95%ClI) P-value

Model 2 HR (95%ClI) P-value  Model 3 HR (95%ClI) P-value

All-cause mortality

No 1.0(reference) 1.0(reference)

Yes 2.06 (1.70, 2.50) <0.0001 1.77 (1.45,2.15) <0.0001
Cancer mortality

No 1.0(reference) 1.0(reference)

Yes 1.97 (1.41,2.76) <0.0001 1.79(1.27,2.52) 0.0008

1.0(reference)
1.33(1.05,1.70) 0.0194

1.0(reference)
1.30(1.02,1.64) 0.0311

1.0(reference)
1.67(1.09,2.55)0.0176

1.0(reference)
1.63(1.07,247)0.0228

Data are presented as HR (95%Cl)
Model 1: adjust for Age, Sex

Model 2: adjust for Age; Sex; Race; Marital; PIR; Education; Smoking; Drinking; Diabetes; Coronary heart disease; BMI

Model 3: adjust for Age; Sex; Race; Marital; PIR; Education; Smoking; Drinking; Diabetes; Coronary heart disease; BMI; ALT; Albumin; Creatinine; Uric acid; Blood urea

nitrogen; Hemoglobin

Subgroup analyses and sensitivity analyses

In this study, we also conducted subgroup analyses and
interaction tests (Fig. 4) to explore how other potential
influencing factors, such as age, gender, and race, interact
with the independent effects of sarcopenia on mortality
risk. Subgroup analysis revealed that sarcopenia increased
the risk of both all-cause and cancer-specific mortality in
both men and women, although the risk increase was more
pronounced in men. However, the interaction between
gender and sarcopenia was not statistically significant in
the adjusted models (P>0.05). Notably, sarcopenia was
associated with a 452% increase in all-cause mortality risk
and a 939% increase in cancer-specific mortality among
non-Hispanic Black individuals. Interaction analysis indi-
cated that, except for race and alcohol consumption, most

variables, such as education level, diabetes status, and
body mass index (BMI), did not reach statistical signifi-
cance in their interactions with sarcopenia (P>0.05), sug-
gesting the reliability of our study’s findings. Interestingly,
we observed a downward trend in the risk of all-cause and
cancer-specific mortality as BMI increased. The association
between sarcopenia and mortality varied across different
cancer subtypes (Additional file 1: Supplementary Table 5),
with stronger associations observed in solid tumors. How-
ever, this finding should be interpreted with caution due
to the limited sample sizes. Sensitivity analyses confirmed
the consistency of our results even after excluding cancer
patients who died within the first two years of follow-up
(Additional file 1: Supplementary Table 6), further validat-
ing the stability and reliability of our findings.
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Machine learning

The baseline clinical characteristics of patients within
the machine learning dataset are available in Additional
file 1: Supplementary Table 7. Substantial differences
between the training and test sets were observed for only
some features. Table 3 presents the performance metrics
of all models used to predict 3-year and 5-year survival
rates. Based on a comprehensive evaluation of accuracy,
AUC, sensitivity, specificity, and F1 scores, along with
the precision reflected by confidence intervals, Light-
GBM demonstrated superior performance in both tasks.
Specifically, LightGBM excelled in the 3-year predic-
tion task with an AUC of 0.842 (95% CI: 0.766—0.919)
and an F1 score of 0.830. Although XGBoost exhibited a
slightly higher AUC (0.891; 95% CI: 0.840-0.942), Light-
GBM maintained consistent and robust performance in
the 5-year prediction task, characterized by a moderate
confidence interval width (AUC=0.795; 95% CI: 0.723—
0.867), indicating acceptable precision and stability. In
contrast, other models exhibited either wider confidence
intervals or lower overall performance metrics, dimin-
ishing their reliability. Based on these results, LightGBM
was selected as the optimal predictive model.

The ROC analysis results of each model in the test
cohort for predicting 3-year and 5-year survival rates
are displayed in Fig. 5. This study also evaluated the
LightGBM model through Decision Curve Analysis
(DCA). Decision curves for the 3-year and 5-year sur-
vival prediction models are displayed in Fig. 6. Com-
pared to scenarios without a prediction model (i.e.,
treat-all or treat-none scheme), the 3-year and 5-year
survival prediction models showed significant ben-
efits for interventions in patients with a prediction
probability.
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Risk stratification

The 3-year and 5-year survival risk scores for each
patient were generated based on the constructed Light-
GBM prediction model, with the risk score range for
3-year survival being 0.5-1.00 and the optimal cut-off
value set at 0.8, and for 5-year survival, the risk score
range was 0.4-0.9 with the optimal cut-off value set at
0.8. Based on these cut-off values, individuals were clas-
sified into low-risk (3-year risk score>0.8, 5-year risk
score >0.8) and high-risk groups (3-year risk score<0.8,
5-year risk score<0.8) (Additional file 1: Supplementary
Fig. 1). Kaplan—Meier curves demonstrated that the low-
risk groups exhibited higher survival rates than high-risk
groups, and the differences in survival rates were statisti-
cally significant, as indicated by the Log-rank test (P-val-
ues < 0.001). This suggests that our model can effectively
identify high-risk populations (Fig. 7).

Discussion
In this study conducted within the NHANES cohort of
cancer respondents, we found that sarcopenia is signifi-
cantly associated with an increased risk of both all-cause
mortality and cancer-specific mortality among cancer
survivors. After excluding participants who died within
the first two years of follow-up, the results remained
consistent, indicating that sarcopenia is linked to poorer
long-term prognosis in cancer patients. Subsequently,
we developed and validated machine learning models to
predict cancer survivors’ 3-year and 5-year survival rates
based on sarcopenia. These models not only aid in iden-
tifying individuals at high risk of mortality and provide a
practical foundation for developing personalized preven-
tion and intervention strategies.

Our research demonstrates a significant correlation
between sarcopenia and increased risks of both all-
cause mortality and cancer-specific mortality among

Table 3 Comparative analysis of performance metrics of various machine learning models

Task Model_name Accuracy AUC Sensitivity Specificity F1

3 year survival LR 0.749 0.797 0.751 0.722 0.846
SVM 0.868 0.851 0.876 0.778 0.924
RandomForest 0.082 0.799 0.000 1.000 NaN
XGBoost 0.795 0.891 0.781 0.944 0.875
LightGBM 0.731 0.842 0.716 0.889 0.830

5 year survival LR 0.799 0.856 0.801 0.788 0.871
SVM 0.735 0.774 0.731 0.758 0.824
RandomForest 0.466 0.801 0376 0.970 0.545
XGBoost 0621 0.742 0.581 0.848 0.722
LightGBM 0.726 0.795 0.715 0.788 0.816

LR Logistic regression, RF Random forest, XGBoost Extreme gradient boosting, LightGBM Light gradient boosting machine, SVM Support vector machine, AUC Area

under the curve
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Fig. 5 ROC curve analysis of five machine learning algorithms in the test cohort. A displays the ROC curve for the 3-year survival prediction model,

while B shows the ROC curve for the 5-year survival prediction model
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Fig. 6 Decision curve analysis of the test set of the LigntGBM model. A displays the DCA curve for the 3-year survival prediction model, while B

presents the DCA curve for the 5-year survival prediction model

cancer survivors. Increasingly, evidence suggests that
sarcopenia is associated with heightened mortality risks
in cancer patients, although such studies are often lim-
ited to specific tumor types and demographics. For
instance, a retrospective cohort study involving 3,241
non-metastatic breast cancer patients showed that, after
total adjustment, sarcopenia was associated with a 41%
increased risk of death (HR=1.41; 95% CI=1.18-1.69)

[15]. Similarly, a retrospective cohort study of bladder
cancer patients observed significant increases in cancer-
specific mortality (HR=2.14; P=0.007) and all-cause
mortality (HR=1.93; P=0.004) associated with sar-
copenia [25]. Additionally, a meta-analysis on bladder
cancer supported the same associations [26]. Similar out-
comes were also noted in patients with non-solid tumors
[27, 28]. These findings align with our results, further
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Fig. 7 Kaplan-Meier Curve Analysis Between High-risk and Low-risk Groups. Figure 7A and B illustrate the survival differences
between the high-risk and low-risk groups for the 3-year and 5-year survival prediction models

emphasizing the pervasive impact of sarcopenia on sur-
vival outcomes across cancer patients, regardless of the
primary tumor site or stage. Therefore, the assessment
and management of sarcopenia should become a routine
part of oncological care, irrespective of the cancer type or
stage. This offers a new direction for optimizing cancer
treatment strategies, potentially improving patient sur-
vival rates through interventions to enhance muscle con-
dition while presenting challenges regarding healthcare
resources and economic burdens. Thus, we use machine
learning to construct personalized risk models, identify-
ing cancer patients at high mortality risk over 3-year and
5-year periods. This guide targeted prevention and inter-
ventions to address these challenges.

LightGBM, an ensemble learning technique based on
decision tree algorithms, has demonstrated advantages in
predicting cancer patient survival rates in previous stud-
ies [29, 30]. In our performance comparison, LightGBM
excelled in predicting 3-year survival rates and main-
tained robust performance in predicting 5-year survival
rates, showcasing its strong generalizability. Hence, it was
selected as the optimal model.

The exceptional performance of this model under-
scores the value of risk stratification, a crucial component
of precision medicine, which assists physicians in more
accurately predicting patient prognoses. By monitoring
and intervening early on modifiable risk factors among
high-risk patients, their survival rates and quality of life
can be enhanced, and unnecessary medical interventions
for low-risk patients can also be reduced. This strategy
alleviates the public health burden and lowers overall
healthcare costs, particularly in preventable medical

incidents [31]. Our model effectively identifies high-risk
individuals, leading us to pinpoint 10 modifiable risk fac-
tors out of the 18 identified, including sarcopenia, BMI,
smoking and drinking habits, and six laboratory test indi-
cators (uric acid, blood urea nitrogen, creatinine, ALT,
Hemoglobin, and albumin). Aside from sarcopenia, the
other risk factors are commonly encountered and eas-
ily obtainable in clinical settings, providing clear tar-
gets and a basis for early prevention and intervention in
high-risk populations. However, sarcopenia can still be
noticed. Research has shown that the increased meta-
bolic demands of cancer and cancer-related treatments
can exacerbate muscle loss [32]. Our study indicates that
sarcopenia significantly increases the risk of mortality in
cancer patients. Therefore, early identification and inter-
vention for sarcopenia in cancer patients are essential.

In subgroup analyses, our study observed an inter-
esting phenomenon. Cancer survivors with sarcope-
nia had a decreasing risk of all-cause and specific deaths
with increasing BMI. This suggests that obesity pro-
vides additional survival benefits to such patients. This
expected opposite of the association between high BMI
and increased risk of death has been termed the ‘obesity
paradox’ [33]. A recent meta-analysis found that addi-
tional obesity resulted in a lower risk of all-cause mortal-
ity in community-dwelling elderly patients with sarcopenia
when categorized into sarcopenic obesity and sarcopenic
non-obesity subgroups [34]. This result is more convincing
than previous studies [35, 36]. In several studies investigat-
ing the correlation between obesity and the risk of death in
cancer patients, researchers have employed various defini-
tions and subgroups of obesity to eliminate the influence
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of methodology on the results. However, it is noteworthy
that most of the studies have observed a similar ‘obesity
paradox’: high levels of obesity have a protective effect on
the risk of death in cancer patients with sarcopenia, which
is muscle loss in cancer patients [37-41].

Moreover, the reasons for this protective effect are
uncertain. They may be linked to body composition, the
early diagnosis and treatment of obese patients [42], and
the more significant energy reserves provided by excess
adipose tissue in obese cancer patients to counteract the
risk of overconsumption [43]. Therefore, focusing on mus-
cle status while considering interventions to maintain adi-
pose tissue stability is essential in the clinical setting.

Our study boasts several strengths, including using a
nationally representative cancer population database for
a comprehensive analysis and adjusting multiple critical
covariates to ensure the reliability of our results. Addi-
tionally, through sensitivity and subgroup analyses, we
further validated the robustness and generalizability of
our findings. We also developed and validated survival
rate prediction models for three and five years, demon-
strating excellent discriminative ability and high clini-
cal utility. However, our research has some limitations.
Firstly, although this study adjusted for a wide range of
potential covariates, the possibility of residual confound-
ing due to unmeasured factors cannot be completely
ruled out. In addition, the use of self-reported data for
certain variables may introduce recall bias, which could
affect the reliability of the data. Secondly, as an observa-
tional study, causal relationships cannot be established.
However, to minimize the potential for reverse causality,
we conducted a sensitivity analysis by excluding patients
who died within the first two years of follow-up. Lastly,
since this study was conducted in a U.S. population and
the predictive model has not yet been externally vali-
dated in an independent cohort, the generalizability of
the findings to other regions or ethnic groups remains
uncertain. Therefore, future prospective studies and mul-
ticenter validations in diverse populations are warranted
to confirm the broader applicability of our results.

Conclusion

In summary, this study demonstrates that sarcopenia
significantly increases the risk of mortality in cancer
patients. Based on sarcopenia and other clinically rele-
vant variables, we developed a survival prediction model
to estimate 3-year and 5-year survival rates in cancer
patients. This model effectively identifies high-risk indi-
viduals and provides new insights for advancing person-
alized survival assessment in cancer care.
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