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Background: Metabolic dysfunction-associated steatotic liver disease 
(MASLD) and sarcopenia share underlying pathophysiological mechanisms 
and can bidirectionally influence the development and progression of each 
other. Diagnosing sarcopenia in individuals with MASLD is challenging due to 
overlapping symptoms and the frequent requirement for expensive, specialized 
equipment for muscle mass assessment. Therefore, accessible screening 
methods are crucial. Serum indices based on creatinine (Cr) and cystatin C 
(CysC), including Calculated Body Muscle Mass (CBMM), Sarcopenia Index (SI), 
and estimated glomerular filtration rate (eGFR) ratio, have emerged as potential 
biomarkers for sarcopenia. This study aimed to compare the performance of 
these serum indices in screening for low skeletal muscle index (SMI) among 
patients with MASLD.

Methods: This prospective observational study enrolled 146 participants with 
MASLD. Anthropometric and laboratory data were collected. The CBMM, SI, 
and eGFR ratios were calculated using serum Cr and CysC levels. Low SMI 
was determined using Bioelectrical Impedance Analysis (BIA) according to the 
Asian Working Group for Sarcopenia (AWGS) 2019 criteria. Linear regression 
analysis was used to assess the correlations between serum indices and SMI. 
Receiver Operating Characteristic (ROC) curve analysis was used to evaluate the 
discriminative ability of these serum indices for detecting low SMI. Furthermore, 
machine learning models (Linear Regression, Random Forest, and XGBoost), 
coupled with SHapley Additive exPlanations (SHAP) analysis, were employed to 
evaluate the importance of these indices in predicting low SMI.

Results: Patients with higher fibrosis-4 (FIB-4) scores (≥2.67) had a significantly 
higher prevalence of low SMI. CBMM demonstrated the strongest correlation 
with SMI (R2 = 0.4306, p < 0.0001) and the best discriminative ability for low SMI 
(Area under ROC: 0.9149 for males and 0.9444 for females) compared with SI 
and eGFR ratio. Machine learning models consistently identified CBMM as the 
most important feature for predicting SMI based on the SHAP analysis.

Conclusion: These findings suggest that CBMM, derived from readily available 
serum markers, could serve as a valuable initial screening tool for identifying 
MASLD patients at risk of sarcopenia who may benefit from further assessment 
and early interventions.
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1 Introduction

Metabolic dysfunction-associated steatotic liver disease (MASLD), 
previously known as non-alcoholic fatty liver disease (NAFLD), has 
emerged as a leading cause of liver disease worldwide, propelled by 
the global epidemic of metabolic syndromes including obesity and 
type 2 diabetes mellitus (1). The estimated global prevalence of 
MASLD in the adult population is 32%, which varies significantly by 
region and is higher in men compared to women (2). MASLD 
encompasses a spectrum of liver diseases, ranging from simple 
steatosis to metabolic dysfunction-associated steatohepatitis (MASH), 
formerly known as non-alcoholic steatohepatitis (NASH), and can 
lead to complications such as cirrhosis, end-stage liver disease, and 
hepatocellular carcinoma (3, 4). Projections indicate that the number 
of MASLD cases will continue to increase, imposing a considerable 
burden on the healthcare system (5). In the United  States, 
hospitalization for MASLD-related decompensated cirrhosis and 
MASLD-related hepatocellular carcinoma showed 10.6 and 8% annual 
rate of increase, respectively, between 2005 and 2014 (6). Projections 
from 2016 estimated that over 64 million individuals would have 
MASLD, with associated annual medical costs totaling $103 billion 
(7). Risk factors for MASLD include genetic predisposition, 
demographic factors, health behaviors, and clinical factors (8). Among 
various clinical risk factors, sarcopenia is receiving increasing 
attention due to its shared underlying mechanisms and impact on the 
development and progression of MASLD (1).

Sarcopenia is defined as a progressive and generalized decline in 
skeletal muscle mass, strength, and physiological function (9). The 
prevalence of sarcopenia ranges from 8 to 36% in individuals aged < 
60 years and from 10 to 27% in adults aged > 60 years (10). Although 
traditionally linked to the aging process, sarcopenia is now understood 
to be associated with other conditions such as metabolic syndrome, 
diabetes mellitus, cardiovascular diseases, inflammatory diseases, and 
chronic liver diseases (11, 12). Sarcopenia is prevalent in 40–60% of 
patients with end-stage liver disease (ESLD) and is associated with 
poor prognosis in this population (13). Therefore, both the 
relationship between chronic liver diseases and sarcopenia and 
strategies for the early diagnosis of sarcopenia in individuals with 
these conditions are receiving increased attention.

Bidirectional relationship between MASLD and sarcopenia has 
been reported by numerous observational studies (14). Sarcopenia has 
been identified as an independent risk factor for MASLD, increasing 
the risk by 2.3- to 3.3-fold (15). Conversely, in MASLD/MASH and 
cirrhosis patients, a higher prevalence of sarcopenia was observed 
compared to that in the general population (16). This interplay likely 
stems from shared pathophysiological mechanisms, including insulin 
resistance (IR), chronic inflammation, altered myokine secretion, 
imbalances of hormones, including growth hormone and IGF-1, 
vitamin D deficiency, and physical inactivity (15).

Despite its clinical significance, the identification of sarcopenia in 
patients with MASLD poses several challenges. First, in patients with 
MASLD, the representative symptoms of sarcopenia, such as muscle 
weakness and reduced physical activity, can overlap with the 
symptoms of MASLD itself, thereby complicating the diagnosis of 

sarcopenia based on clinical presentation (17). In addition, as various 
consortia and expert groups have proposed differing definitions, 
criteria, assessment tools, and threshold values, diagnosing sarcopenia 
can vary among clinicians and researchers without consensus (17). 
Standard diagnostic methods for quantifying muscle mass, including 
computed tomography (CT), magnetic resonance imaging (MRI), 
dual-energy X-ray absorptiometry (DXA), and bioelectrical 
impedance analysis (BIA), require specialized equipment and trained 
personnel and are associated with significant costs or exposure to 
radiation (18, 19). Therefore, there is a need for a simple, inexpensive, 
and readily accessible screening method that can be easily utilized in 
routine clinical settings for MASLD patient care to identify those at a 
high risk of sarcopenia.

Serum indices based on creatinine (Cr) and cystatin C (CysC) 
have been proposed as potential biomarkers for development and 
progression of sarcopenia (20). Cr is an endogenous substance derived 
from creatine and creatine phosphate produced in the skeletal muscle. 
As its production is relatively constant with stable muscle mass and 
excreted in the kidney primarily by filtration, creatinine has been 
routinely used to estimate glomerular filtration rate (eGFR), although 
its production, and hence eGFRCr, may vary with body composition, 
such as elevated or reduced muscle mass (21). In contrast, CysC is 
constantly produced by all nucleated cells, and its production as well 
as eGFRCysC are less affected by muscle mass (22). Therefore, serum 
indices combining Cr and CysC stem from leveraging their differential 
relationships with renal function and body composition. One of the 
indices is the sarcopenia index (SI), calculated as the ratio of serum 
Cr to serum CysC, which was able to estimate muscle mass among 
ICU patients (23). The eGFR ratio, defined as the ratio of eGFRCysC to 
eGFRCr, has been suggested as a screening marker for sarcopenia in 
community-dwelling older adults (24). Another index, calculated 
body muscle mass (CBMM), derived from serum Cr, CysC, body 
weight, and sex, has been introduced to estimate the total body muscle 
mass (25).

The existence of these different formulations underscores that no 
single Cr/CysC-based index has achieved universal acceptance or has 
demonstrated consistent superiority across all clinical contexts. 
We compared the predictive performance of the CBMM, SI, and eGFR 
ratio as screening indices of sarcopenia in patients with MASLD.

2 Methods

2.1 Study participants

This prospective, observational clinical study was conducted at 
Hanyang University Seoul Hospital between November 2021 and 
August 2022. Korean adults aged 19 years or older diagnosed with 
MASLD were eligible for inclusion in this study. The diagnosis of 
MASLD, termed NAFLD during the study period, was performed 
according to the 2021 guideline for the management of NAFLD from 
the Korean Association for the Study of the Liver (KASL) (26). A 
diagnosis of NAFLD was established based on evidence of hepatic 
steatosis (identified via abdominal ultrasonography, CT, MRI, or liver 
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biopsy) and the exclusion of other causes including significant alcohol 
consumption, viral hepatitis, and the use of medications known to 
induce fatty liver. Participants diagnosed with chronic hepatitis other 
than MASLD, treated with high-dose corticosteroids (equivalent to 
prednisolone 20 mg/day) for over 14 days, or taking cyclosporin 
within 1 month prior to the screening visit were excluded from the 
study. Based on a previous study that compared serum indices for the 
prediction of sarcopenia in approximately 300 patients with liver 
disease, a target sample size of 150 participants with MASLD was 
established (27). All participants provided written informed consent 
before participating in the study. The study was approved by the 
Institutional Review Board of Hanyang University Seoul Hospital (IRB 
number: HYUH-2021-08-066) and was conducted in accordance with 
Korean Good Clinical Practice (KGCP) and the Declaration 
of Helsinki.

2.2 Measurements

Anthropometric and laboratory measurements were conducted 
for each participant during routine hospital visits. Laboratory 
examinations included aspartate transaminase (AST), alanine 
transaminase (ALT), platelet count, and serum Cr and CysC levels.

Three creatinine-and cystatin C-based indices (CBMM, SI, and 
eGFR ratio) were calculated as follows (23–25, 28, 29):

 1

[ ] [ ]
[ ] [ ] [ ]

Body weight kg Serum Cr mg / dL
CBMM

K Body weight kg Serum CysC mg / L Serum Cr mg / dL

×
=

× × +

where K = 0.00675 for males and K = 0.01006 for females.

 2 =       SI Serum Cr mg / dL / Serum CysC mg / L
 3 =eGFR ratio eGFR / eGFRCysC Cr

( )
( ) 1.200

eGFR 142 min Serum Cr / ,1

max Serum Cr / ,1 0.9938 1.012  ,

Cr
Age if female

α

−
= × κ ×

 κ × ×   
where κ is 0.7 for females and 0.9 for males, α is −0.241 for females 
and −0.302 for males.

 

( )
( )

0.499

1.328
eGFR 133 min Serum CysC / 0.8,1

max Serum CysC / 0.8,1
0.9962 0.932  

CysC

Age if female

−

−
= ×

×

 × × 

The degree of liver fibrosis was estimated noninvasively using the 
FIB-4 score calculated as follows (30):

 
( )1/29

FIB 4 age yr AST U / L Platelet count

10 / L ALT U / L

− = × ×      
  ×    

Patients with FIB-4 scores ≥ 2.67 were classified into the high 
FIB-4 group, whereas those with scores < 2.67 constituted the low 
FIB-4 group (31).

2.3 Analysis of body composition

Bioelectric impedance analysis (BIA) was performed for each 
participant using an InBody 720 body composition analyzer (InBody 
Co., Ltd., Seoul, Republic of Korea) to assess body composition. The 
appendicular skeletal muscle mass (ASM), the sum of the lean muscle 
mass of the limbs, was adjusted for height to determine the skeletal 
muscle mass (SMI) as follows (32):

 =       
2SMI ASM kg / Height m

Low SMI, indicative of low muscle mass for sarcopenia assessment, 
was defined using the criteria established by Asian Working Group for 
Sarcopenia (AWGS) 2019 criteria: <7.0 kg/m2 in men and <5.7 kg/m2 
in women (19).

2.4 Statistical analysis

Continuous variables were expressed as mean (standard deviation), 
while categorical variables were expressed as number (%). The ratio of 
patients with low SMI was compared between the high FIB-4 group 
and low FIB-4 group using Fisher’s exact test. The correlation between 
serum indices (CBMM, SI, and eGFR ratio) and SMI was assessed 
using linear regression. Receiver operating characteristic (ROC) curve 
analysis was performed to evaluate the ability of each serum index to 
discriminate between patients with low and normal SMI. The area 
under the ROC curve (AUROC) with 95% confidence interval (CI) 
was calculated for each index. All statistical analyses were performed 
using SAS (version 9.4, SAS Institute Inc., Cary, NC, USA) and Prism 
(version 9.5.1, GraphPad Software, Boston, MA, USA). Statistical 
significance was defined as a two-sided p-value of < 0.05.

Machine learning (ML) models were developed to evaluate the 
predictive importance of serum indices for SMI. Three algorithms 
were selected: Linear Regression, Random Forest, and eXtreme 
Gradient Boosting (XGBoost). The input features for these models 
were CBMM, SI, and eGFR ratio, with SMI as the target variable. A 
10-fold cross-validation procedure was implemented to train and 
validate the models, and the SHapley Additive exPlanations (SHAP) 
values were calculated to quantify the contribution of each input 
feature to the SMI prediction. For each model, the mean absolute 
SHAP value was determined for CBMM, SI, and eGFR ratio across 
all instances, thereby providing a global measure of 
feature importance.

Machine learning analyses were performed using Python 
(version 3.11.12, Python Software Foundation, Wilmington, DE, 
USA). The model implementation utilized the scikit-learn library 
(version 1.6.1) for Linear Regression, Random Forest Regressor, 
KFold cross-validation, and evaluation metrics. The XGBoost 
Regressor was implemented using the XGBoost library (version 
2.1.4). SHAP values were computed using the shap library (version 
0.47.2). Data manipulation and numerical operations were 
performed using Pandas (version 2.2.2) and NumPy (version 2.0.2), 
respectively. Figures were generated using Matplotlib (version 
3.10.0).
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3 Results

3.1 Participant characteristics

A total of 151 patients with MASLD were screened for eligibility, 
of whom 150 were enrolled in the study. Finally, 146 participants 
completed the study and were included in the final analysis (Figure 1). 
The baseline characteristics of the study participants are summarized 
in Table 1.

The mean age of the participants was 48.87 ± 15.58 years. Females 
exhibited a higher mean age (54.67 ± 14.25 years) compared to males 
(45.94 ± 15.46 years). Mean height and weight were greater in males 
(172.82 ± 6.61 cm and 83.28 ± 15.37 kg, respectively) than in females 
(158.69 ± 6.22 cm and 67.72 ± 12.65 kg, respectively). However, Body 
Mass Index (BMI) did not differ statistically between males 
(27.82 ± 4.34 kg/m2) and females (26.85 ± 4.46 kg/m2). Serum 
creatinine levels were higher in males (0.91 ± 0.16 mg/dL) compared 
to females (0.66 ± 0.10 mg/dL), while other clinical laboratory 
parameters showed no significant differences. The Fibrosis-4 (FIB-4) 
score was higher in females (2.11 ± 1.31) than in males (1.50 ± 1.15). 
SMI and serum indices (CBMM, SI, and eGFR ratio) were all higher 
in males (8.56 ± 1.18 kg/m2, 55.41 ± 6.99 kg, 117.61 ± 22.90, and 
1.06 ± 0.17, respectively) compared to females (6.85 ± 1.10 kg/m2, 
37.05 ± 4.59 kg, 86.11 ± 17.03, and 0.95 ± 0.15, respectively).

When participants were stratified by SMI, the low SMI group 
exhibited significantly lower mean values for height (159.00 ± 8.04 cm 
versus 168.54 ± 9.15 cm), weight (52.91 ± 7.16 kg versus 
79.32 ± 15.53 kg), BMI (20.93 ± 2.14 kg/m2 versus 27.82 ± 4.21 kg/

m2), SMI (5.89 ± 0.69 kg/m2 versus 8.09 ± 1.35 kg/m2), and CBMM 
(36.43 ± 8.49 kg versus 49.89 ± 10.44 kg) compared to the normal SMI 
group. However, SI and eGFR ratio were not statistically different 
between the low SMI group (101.91 ± 32.69 and 1.09 ± 0.26, 
respectively) and the normal SMI group (107.30 ± 25.53 and 
1.02 ± 0.16, respectively). Aspartate Aminotransferase (AST) levels 
were significantly higher in the low SMI group (77.57 ± 97.84 IU/L) 
than in the normal SMI group (43.40 ± 26.52 IU/L).

3.2 Proportion of patients with low SMI in 
relation to FIB-4 score

The proportions of patients with low SMI were compared between 
the low FIB-4 score (<2.67) group and the high FIB-4 score (≥2.67) 
group, as shown in Figure 2. The proportion of participants with low 
SMI was significantly higher in the high FIB-4 score group. Similar 
trend was observed when participants were analyzed separately by sex, 
although the differences between groups were not statistically 
significant (Supplementary Figure 1).

3.3 Correlation between serum indices and 
SMI

The correlation between serum indices (CBMM, SI, and eGFR 
ratio) and SMI was analyzed using linear regression (Figure  3). 
Statistically significant correlation was observed in CBMM 

FIGURE 1

Disposition of study participants.
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(R2 = 0.4306 and p < 0.0001), while no significant correlation was 
identified in SI and eGFR ratio (R2 = 0.0552 and p = 0.0043 for SI; 
R2 = 0.0047 and p = 0.4098 for eGFR ratio). Stratification by sex 
yielded similar results (Supplementary Figure 2).

3.4 Discriminative ability of serum indices 
in predicting SMI

The ability of the serum indices to discriminate low SMI from 
normal SMI was analyzed using the ROC curve (Table 2). CBMM 
demonstrated higher AUROC (0.9149 for male and 0.9444 for 
female) over SI (0.5532 for male and 0.5167 for female) and eGFR 
ratio (0.6489 for male and 0.6000 for female). Additionally, an 
alternative definition of low SMI (first quartile) was used to 
supplement this comparison. Similar to the low SMI definition of 
the AWGS 2019 criteria, the AUROC of CBMM was superior 
(0.8386 for male and 0.8243 for female) to SI (0.5924 for male and 
0.5405 for female) and eGFR ratio (0.5228 for male and 0.5901 
for female).

3.5 Assessing the impact of serum indices 
on SMI using machine learning

Machine learning models (Linear Regression, Random Forest, 
and XGBoost) were developed to predict SMI using CBMM, SI, 
and eGFR ratio as input features. The predictive accuracy of these 
models was quantified using the following standard regression 
metrics: Mean Absolute Error (MAE), Mean Squared Error (MSE), 
Root Mean Squared Error (RMSE), and coefficient of 
determination (R2) (Table 3). The interpretability of these models 
was subsequently assessed using SHAP (SHapley Additive 
exPlanations) analysis to determine the relative importance of 
each input feature. Across all three models, CBMM consistently 
emerged as the most influential feature for predicting SMI, as 

TABLE 1 Baseline characteristics of study participants.

Variable All (N = 146) Sex SMI

Male (N = 97) Female 
(N = 49)

p-value Normal SMI 
(N = 139)

Low SMI 
(N = 7)

p-value

Age (years) 48.87 ± 15.58 45.94 ± 15.46 54.67 ± 14.25 0.0012 48.56 ± 15.41 55.00 ± 18.89 0.2875

Male [n (%)] 97 (66.44) – – – 94 (67.63) 3 (42.86) 0.2244

Height (cm) 168.08 ± 9.31 172.82 ± 6.61 158.69 ± 6.22 <0.0001 168.54 ± 9.15 159.00 ± 8.04 0.0077

Weight (kg) 78.06 ± 16.24 83.28 ± 15.37 67.72 ± 12.65 <0.0001 79.32 ± 15.53 52.91 ± 7.16 <0.0001

BMI (kg/m2) 27.49 ± 4.39 27.82 ± 4.34 26.85 ± 4.46 0.2098 27.82 ± 4.21 20.93 ± 2.14 <0.0001

Creatinine (mg/

dL)
0.83 ± 0.19 0.91 ± 0.16 0.66 ± 0.10 <0.0001 0.83 ± 0.19 0.77 ± 0.21 0.3765

Cystatin C (mg/L) 0.79 ± 0.18 0.80 ± 0.18 0.79 ± 0.18 0.7269 0.80 ± 0.18 0.77 ± 0.12 0.6937

AST (IU/L) 45.04 ± 33.45 46.22 ± 29.80 42.71 ± 39.96 0.5521 43.40 ± 26.52 77.57 ± 97.84 0.0079

ALT (IU/L) 48.37 ± 51.07 53.02 ± 48.24 39.16 ± 55.62 0.1220 47.19 ± 44.25 71.71 ± 131.63 0.2163

Platelet count 

(109/L)
248.86 ± 74.81 253.41 ± 78.50 239.84 ± 66.74 0.3021 248.97 ± 74.99 246.57 ± 76.84 0.9343

FIB-4 1.70 ± 1.24 1.50 ± 1.15 2.11 ± 1.31 0.0045 1.66 ± 1.21 2.54 ± 1.53 0.0678

SMI (kg/m2) 7.99 ± 1.41 8.56 ± 1.18 6.85 ± 1.10 <0.0001 8.09 ± 1.35 5.89 ± 0.69 <0.0001

CBMM (kg) 49.24 ± 10.73 55.41 ± 6.99 37.05 ± 4.59 <0.0001 49.89 ± 10.44 36.43 ± 8.49 0.001

Sarcopenia index 107.04 ± 25.81 117.61 ± 22.90 86.11 ± 17.03 <0.0001 107.30 ± 25.53 101.91 ± 32.69 0.5922

eGFR ratio 1.02 ± 0.17 1.06 ± 0.17 0.95 ± 0.15 0.0002 1.02 ± 0.16 1.09 ± 0.26 0.3247

FIGURE 2

Proportion of MASLD patients with low SMI in relation to FIB-4 score. 
Participants were categorized into low FIB-4 score (<2.67) and high 
FIB-4 score (≥ 2.67) groups. p-value was determined by Fisher’s 
exact test.
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visually illustrated in the SHAP summary plots (Figure  4). 
Specifically, the mean absolute SHAP values, which quantify the 
average impact of each feature on the model output, were highest 
for CBMM compared to SI and eGFR ratio (Figure  5). These 
findings from machine learning corroborate the results from 
traditional statistical analyses, providing robust evidence for the 
superior predictive value of CBMM for SMI in this MASLD  
cohort.

4 Discussion

This prospective observational study investigated the utility of 
serum indices based on creatinine and cystatin C to screen for low 
muscle mass, a key component of sarcopenia, in patients with 
MASLD. The principal findings were threefold. First, a higher risk of 
liver fibrosis, as indicated by an elevated FIB-4 score (≥2.67), was 
significantly associated with an increased prevalence of low SMI in 
this cohort. Second, when comparing the performance of the three 
Cr/CysC-based serum indices for prediction of SMI, CBMM 
demonstrated superior performance. CBMM exhibited the strongest 
correlation (highest R2) and the best discriminative ability (highest 
AUROC) compared to SI and eGFR ratio. Third, this superiority was 
further substantiated using machine learning models (Linear 
Regression, Random Forest, and XGBoost), where the SHAP analysis 
consistently identified CBMM as the most important feature among 
the three indices for predicting SMI.

The observed association between higher FIB-4 scores and 
increased prevalence of low SMI aligns with previous literature, 
indicating a link between the severity of MASLD and sarcopenia (33, 
34). Histologic severity of MASLD has been identified to be associated 
with sarcopenia, and the complication rate of sarcopenia increased as 
the fibrosis progresses in MASLD/MASH patients (35, 36). Moreover, 
in a longitudinal study, MASLD patients with a high fibrosis risk, as 
indicated by NAFLD fibrosis scores (NFS) and FIB-4 scores, 
experienced a more rapid loss of skeletal muscle mass (36, 37). Several 
shared mechanisms may explain the observed association between 
MASLD and sarcopenia. Insulin resistance is a primary pathological 
mechanism causing both MASLD and sarcopenia, initiating from 
skeletal muscle loss and leading to increased lipolysis and 
dysregulation of the GH/IGF-1 axis (38). This process induces 
compensatory hyperinsulinemia, which promotes ectopic fat 
accumulation in the muscle and liver through altered glucose and lipid 
metabolism while also impairing protein synthesis and mitochondrial 
function, thereby exacerbating muscle degradation (39, 40). 
Sarcopenia and myosteatosis can further aggravate IR and glycemic 
dysregulation (41). Another pivotal factor in pathogenesis of MASLD 
is chronic inflammation and oxidative stress. Proinflammatory 
cytokines such as tumor necrosis factor-α (TNF-α) and transforming 
growth factor-β (TGF-β), coupled with reactive oxygen species (ROS) 
generated during fatty acid oxidation in the liver, induce chronic 
inflammation (15). Sustained inflammation contributes to liver injury 
and fibrosis progression (39). Furthermore, these cytokines promote 
protein catabolism, leading to a reduction in muscle mass and 
development of sarcopenia (42). Other mechanisms, such as vitamin 
D deficiency, dysregulation of myokines, and physical inactivity also 
contribute to the bidirectional relationship between MASLD and 
sarcopenia (14). However, a recent meta-analysis reported inconsistent 
findings regarding the association between sarcopenia and advanced 
fibrosis using the FIB-4 score (43). Therefore, while the current study 
supports an association between higher FIB-4 and low SMI in the 
MASLD group, caution is warranted before generalizing this finding.

The central finding of this study is the superior performance of the 
CBMM index compared to both the SI and eGFR ratio for identifying 
low SMI in patients with MASLD. This was evident in both stronger 
correlation to SMI and better discrimination of patients with low 
SMI. In a previous study on the utility of Cr/CysC-based indices in 

FIGURE 3

Linear regression analysis showing the correlation between 
(A) CBMM, (B) SI, and (C) eGFR ratio with SMI in patients with MASLD. 
Regression line equations, coefficients of determination (R2), and 
p-values are displayed for each panel.
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liver diseases, CBMM and SI were correlated with muscle mass, 
whereas difference in eGFRCr and eGFRCysC (dGFR) was not. Moreover, 
the correlation coefficients of CBMM and SI with skeletal muscle mass 
were 0.804 and 0.293, respectively, indicating a strong correlation 
between CBMM and muscle mass (27). Couple of factors might 

explain the superior performance of CBMM in predicting muscle 
mass. First, the CBMM index was developed to estimate total body 
muscle mass (TBMM). Its derivation attempted to account for the 
relationship between Cr and muscle mass, and CysC and fat mass, 
after adjusting for eGFR (25). The final equation to estimate TBMM 

TABLE 2 Area under receiver operating characteristics curves (AUROC) and 95% confidence intervals (CI) for the prediction of SMI using CBMM, SI, and 
eGFR ratio.

Criteria for 
sarcopenia

Serum indices Male (N = 97) Female (N = 49)

AUROC 95% CI AUROC 95% CI

AWGS 2019 criteria

CBMM 0.9149 0.8180–1.0000 0.9444 0.8704–1.0000

SI 0.5532 0.0428–1.0000 0.5167 0.1551–0.8782

eGFR Ratio 0.6489 0.3055–0.9924 0.6000 0.1781–1.0000

First quartile

CBMM 0.8396 0.7541–0.9252 0.8243 0.6897–0.9590

SI 0.5294 0.3875–0.6713 0.5405 0.3343–0.7468

eGFR ratio 0.5228 0.3824–0.6633 0.5901 0.3696–0.8106

FIGURE 4

SHAP summary plots illustrating feature importance and impact for (A) linear regression, (B) random forest, and (C) XGBoost models predicting SMI.
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FIGURE 5

Global feature importance based on mean SHAP values for (A) linear regression, (B) random forest, and (C) XGBoost models predicting SMI.

was developed after eliminating the eGFR and total body fat 
percentage. This modeling approach might have provided more 
accuracy to CBMM in the estimation of muscle mass compared to SI 
or eGFR ratio, which simply reflects the discrepancy between Cr/CysC 
or their derived eGFR as a surrogate for muscle mass. Second, as 
MASLD is often accompanied by metabolic diseases, such as obesity, 
and is characterized by altered body composition (visceral adiposity 
or sarcopenic obesity), an index designed to account for fat mass 
might have an advantage over other indices. The formulation of 
CBMM might more effectively isolate the muscle mass signal from 
this metabolic noise, especially in patients with MASLD.

The application of multiple machine learning algorithms (Linear 
Regression, Random Forest, and XGBoost) provided a robust 
framework for evaluating the relative importance of serum indices. 
The consistency of the findings across these models strengthens the 
conclusion that CBMM provides the most predictive information 
regarding SMI among the three indices studied. By quantifying the 
contribution of each index to the prediction of SMI for individual 
patients and averaging these contributions, SHAP provided evidence 
of CBMM’s superior feature importance reinforcing the results from 
traditional statistics.

The findings of current study suggest that CBMM could serve as a 
valuable initial screening tool for low muscle mass in routine MASLD 
clinical practice. Its primary advantage lies in its derivation from readily 
available and relatively inexpensive serum markers (Cr and CysC), 
making it far more accessible than imaging modalities, such as DXA or 
CT/MRI. While BIA is an existing accessible and relatively inexpensive 
method, it still requires a dedicated device, a scheduled patient visit, 
and trained personnel, which can present barriers to implementation 
at a population level. In contrast, since serum creatinine and cystatin C 
are frequently measured in routine metabolic panels for MASLD 
patients, CBMM can be  calculated from existing electronic health 
record data, enabling large-scale surveillance without incremental costs 
or patient burden. Integrating CBMM calculation into clinical pathways 

TABLE 3 Regression metrics of linear regression, random forest, and 
XGBoost models for predicting SMI.

Model 
metrics

Linear 
regression

Random 
forest

XGBoost

MAE 0.650 (0.169) 0.675 (0.191) 0.729 (0.221)

MSE 1.022 (0.855) 1.228 (0.945) 1.285 (0.992)

RMSE 0.936 (0.382) 1.032 (0.403) 1.053 (0.419)

R2 0.424 (0.346) 0.288 (0.456) 0.247 (0.505)
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could help clinicians identify MASLD patients who warrant further 
assessment for sarcopenia, including tests on muscle strength such as 
handgrip strength and physical performance, such as 5-time chair stand 
test. Additionally, confirmatory body composition analysis can 
be  conducted if available. Early identification of sarcopenia could 
trigger timely interventions, such as tailored nutritional counseling and 
structured exercise programs, which are the cornerstones of sarcopenia 
management and may also benefit the MASLD itself.

The Cr/CysC-based indices are emerging as valuable tools for 
sarcopenia screening in various diseases beyond MASLD. For instance, 
one research group utilized the CBMM to assess the effect of direct-
acting antivirals on muscle mass in patients with hepatitis C virus, a 
population often exhibiting low muscle mass and associated reduced 
quality of life (44). The Cr/CysC-based indices have also been employed 
to evaluate sarcopenia associated with chronic kidney disease (CKD) 
and non-small cell lung cancer (NSCLC) (45–47). However, the 
validity of the CBMM has not yet been established in patient 
populations other than those with chronic liver disease. Therefore, 
further studies are warranted to explore the application of the CBMM 
for assessing sarcopenia in a broader range of chronic diseases, as well 
as in primary muscle-wasting disorders such as Duchenne muscular 
dystrophy, to facilitate its versatile clinical utilization.

This study has strengths in the direct head-to-head comparison of 
three relevant Cr/CysC-based serum indices within an MASLD cohort 
and the application of interpretable machine learning methodology. 
However, there are limitations to this study that should 
be acknowledged. First, the sample size of 146 patients, while providing 
valuable initial data, was modest and may limit the generalizability of 
the findings. Therefore, additional studies with larger populations are 
necessary to validate the clinical utility of CBMM as a screening tool 
for sarcopenia in patients with MASLD. Second, although the data 
were collected prospectively, the analysis comparing serum indices in 
the prediction of SMI was cross-sectional. Further longitudinal studies 
are required to assess the prognostic value of these indices. Third, this 
study focused on low SMI and did not assess the functional aspects of 
sarcopenia, such as muscle strength or physical performance. 
Therefore, the indices were evaluated against a component of 
sarcopenia, not the clinical diagnosis of sarcopenia, according to the 
EWGSOP/AWGS criteria. Further studies should include these tests 
to assess the utility of these indices as screening tools for sarcopenia.

5 Conclusion

This prospective observational study compared the utility of Cr/
CysC-based serum indices (CBMM, SI, and eGFR ratio) for screening 
low muscle mass in patients with MASLD, and found that CBMM 
demonstrated the strongest correlation with SMI and the best 
discriminative ability for low SMI among three indices. These findings 
suggest that CBMM could serve as a valuable initial screening tool for 
identifying MASLD patients at risk of sarcopenia who may benefit 
from further assessment and early interventions.
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