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Background: Prefrailty is associated with anomalies in protein metabolism; however, the serum proteomic signatures remain unclear.
This study investigated protein profiles across different health statuses and evaluated their potential for the early identification of
prefrailty.

Methods: Older adults were categorized as robust, prefrail, and frail. Untargeted proteomic screening in a discovery cohort (n = 30)
was followed by parallel reaction monitoring (PRM) validation (n = 99). Multidimensional clinical parameters and differentially
expressed proteins were integrated within machine learning pipelines to refine the search for characteristic features of prefrailty.
Results: 166 proteins were found to be differentially expressed across frailty statuses, with 15 significantly prefrailty-associated
proteins subsequently confirmed by PRM validation. These proteins were functionally enriched in pathways related to cell signaling,
protein metabolism, immune regulation, and skeletal muscle function maintenance. A Random Forest model, further assembled from
gait speed, skeletal muscle mass, E3-independent E2 ubiquitin-conjugating enzyme (UBE20), Timed Up and Go test time, alpha-
actinin-3 (ACTN3), and Mini-Mental State Examination score, exhibited the most robust performance for early frailty identification
among multiple algorithms compared.

Conclusion: This exploratory study identified candidate serum protein biomarkers associated with prefrailty. Preliminary machine
learning models incorporating UBE20 and ACTN3 suggested the feasibility of discriminating prefrailty from robust status, reflecting
underlying proteomic heterogeneity among community-dwelling older adults.
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Introduction

Frailty is a geriatric syndrome characterized by decreased physiological reserve, increased vulnerability, and reduced
resistance to stressors due to multi-system dysregulation.! Currently, approximately 18% of older adults meet the criteria
for frailty, while the proportion of prefrailty, the transitional phase from robustness to frailty, reaches 49%.> This
transition poses a significant threat to healthy aging and represents one of the most serious public health challenges of
the 21st century.”* Notably, prefrailty is a dynamic and reversible state, making its effective identification and timely
intervention crucial for improving health outcomes in older populations.’

Prefrailty typically manifests as exhaustion, reduced gait speed, low grip strength, decreased physical activity, and
unintentional weight loss. These clinical features largely overlap with sarcopenia, a condition primarily characterized by
impaired muscle strength.® Leveraging the concept of progressive loss in skeletal muscle mass and function is essential
for elucidating the early progression of frailty. This musculoskeletal deterioration is fundamentally driven by disrupted
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proteostasis and widespread proteomic remodeling.”* Studies indicate that the aberrant expression of pro-inflammatory
and lipid-related proteins can accelerate functional decline by promoting catabolism, perturbing energy homeostasis, and
engaging in multi-organ crosstalk.”'® Such proteomic shifts likely serve as the pivotal mechanisms driving the transition
toward the prefrailty phenotype.

Characterized as a multidimensional decline in physiological reserve, prefrailty is not attributable to fluctuations in
individual proteins but rather reflects the coordinated dysregulation of multiple biological processes, including chronic
inflammation, metabolic imbalance, cellular senescence, and anabolic resistance.'' "> A recent population-based cohort
study identified that various circulating proteins remain persistently associated with the frailty index. The involvement of
diverse biological pathways ranging from renal and skeletal systems to immune and apoptotic signaling underscores the
multi-system deterioration characteristic of frailty.'* Consequently, compared to single-biomarker analyses, exploring
interactions within protein networks offers a more comprehensive explanation for the onset and evolution of prefrailty.
Furthermore, integrating rapid clinical assessments with multi-omic features via advanced machine-learning algorithms
holds significant promise for enhancing the diagnostic precision and clinical utility of early frailty identification.'>'®

In this study, mass spectrometry-based proteomics was employed to screen for key proteins associated with prefrailty.
By integrating differentially expressed proteins with clinical features into algorithmic models, we established a pre-
liminary interpretable classification framework for prefrailty, providing a reference for its precise identification.

Methods

Study Design

This two-stage cross-sectional observational study was conducted between December 2022 and June 2023. Participants
were recruited from community-based settings, including health service centers, seniors’ activity centers, and via public
platform advertisements in Haidian District, Beijing, China, using convenience sampling. The overall workflow is
illustrated in Figure 1. Clinical evaluations and proteomic analyses were performed by independent personnel blinded
to each other’s data. The study framework comprised a discovery phase for untargeted proteomics screening and a
validation phase using an independent cohort for targeted proteomics. Feature selection and comparative analyses of
multiple machine learning algorithms were performed to identify the best combination for early frailty identification. All
eligible participants provided written informed consent. The protocol adhered to the Declaration of Helsinki and was
approved by the Ethics Committee of Chinese PLA General Hospital (Approval No. S2019-140-03).

Participants
A total of 129 community-dwelling older adults aged 60 years or older were eligible for inclusion in this study.
Participants were categorized into robust, prefrail, and frail groups based on the Fried Physical Frailty Phenotype.'’
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Figure | Flowchart of the study design.
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Exclusion criteria included uncontrolled hypertension, acute cardiovascular or cerebrovascular events, active infection, or
postoperative status within the preceding 3 months. Potential participants were also excluded for unstable functional
status, severe pain, impairments in cognition, speech, or hearing, a history of substance abuse, and end-stage organ
failure. Additional exclusion criteria involved contraindications to exercise, severe malnutrition defined by a Mini-
Nutritional Assessment-Short Form (MNA-SF) score below 7, and major diseases affecting systemic protein metabolism
such as malignancy, autoimmune diseases, or decompensated cirrhosis, along with the use of related medications.
Individuals with pacemakers or metal implants that precluded body composition assessment were also excluded.

In the discovery phase, 30 participants were included based on common design strategies for exploratory proteomics
studies, with 10 individuals in each group.'® In the validation phase, an independent cohort was recruited. Sample size

was estimated using G¥Power 3.1, assuming a medium-to-large effect size (Cohen’s f = 0.50),'*°

a significance level of
a = 0.05, and a statistical power of 1- = 0.80, resulting in a minimum required sample size of 42 for comparisons among
three groups. Considering the prevalence of prefrailty in community populations and potential data loss,?' 99 participants
were ultimately included in the validation cohort, consisting of 20 robust individuals, 59 prefrail individuals, and 20 frail

individuals.

Assessment of Pre-Frailty
Prefrailty was defined using the Fried Physical Frailty Phenotype, which evaluates five clinical criteria.'’

1. Weight loss: Unintentional loss of >4.5 kg or >5% of body weight within the preceding year.

2. Gait speed: walking time > 6 s or > 7 s over a 4.57-meter course, adjusted for sex and height.

3. Grip strength: Measured using a JAMAR Plus handheld dynamometer (Sammons Preston, USA). Participants
were seated with their dominant shoulder in a neutral position and elbow flexed at 90°. After two 5-second
maximal voluntary contractions, the average value was recorded. Thresholds were stratified by sex and body mass
index (BMI), ranging from 29-32 kg for men and 17-21 kg for women.

4. Physical activity: Identified by a weekly energy expenditure below 383 kcal for men or 270 kcal for women.

5. Exhaustion: Scored 1 if either “everything I did was an effort” or “I could not get going” persisted for >3 days
during the past week.

The total score ranged from 0 to 5. Participants were categorized as robust with a score of 0, prefrail with scores of 1 to 2,
and frail with scores of 3 or higher.

Clinical Data Collection

Demographic data included gender (male/female), age (years), education (years), BMI (kg/m?), smoking history (yes/no),
alcohol consumption (yes/no), insomnia status (yes/no), sedentary behavior (yes/no) and the Mini-Mental State
Examination (MMSE). MMSE scores range from 0 to 30, with cognitive impairment cut-offs set at <17, <20, and <24
for uneducated, primary, and middle school or above education levels, respectively.****

Clinical characteristics were evaluated using the Fried Physical Frailty Phenotype (Fried score). The Number of
chronic diseases was quantified by identifying clinical items defined in the Charlson Comorbidity Index framework.**
Pain intensity was determined by Visual Analogue Scale (VAS) on a 10-cm scale where O represents no pain and 10
represents unbearable pain.>> Nutritional status was assessed using the MNA-SF, where scores of 12—14 indicate normal
status, 8—11 indicate risk of malnutrition, and 0—7 indicate malnutrition.”® Depressive symptoms were screened via the
Geriatric Depression Scale-15 (GDS-15), where a score of 5 or higher suggests depression.”” The Modified Barthel Index
(MBI) evaluated activities of daily living on a scale of 0 to 100, where lower scores indicate greater dependence.®

Functional measurements consisted of gait speed, grip strength, Timed Up and Go Test (TUG) time, and the Short
Physical Performance Battery (SPPB) score. For the TUG, the average time was recorded for participants to rise from a
46-cm chair, walk 3 meters, and return. The SPPB integrated balance, a 4-meter walk, and five-times sit-to-stand tests,
with a maximum score of 12 where lower scores indicate poorer physical function.”’
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Body composition was measured via direct segmental multi-frequency bioimpedance analysis (DSM-BIA) using the
InBody 770 device (Korea). Parameters obtained included total body protein (Protein), body fat mass (BFM), skeletal
muscle mass (SLM). The standard ranges for these parameters were defined in kg as 90%—110% of the predicted ideal
values based on individual age, gender, and height.

Laboratory markers and their normal reference ranges were as follows: 25-hydroxyvitamin D (Vit D) was 30 to 60 ng/
mL, cystatin C (CysC) was 0.053 to 0.095 mg/dL, insulin-like growth factor-1 (IGF-1) was 60 to 200 ng/mL, c-reactive
protein (CRP) was 0 to 0.9 mg/L, creatine kinase (CK) was 2 to 200 U/L, creatinine (Cr) was 30 to 110 umol/L, and
triglycerides (TG) was 0.4 to 1.7 mmol/L.

Serum Sample Preparation

Blood samples were collected from participants under fasting conditions using vacuum tubes, with a volume of 5 mL per
sample. Within one hour after collection, the blood was centrifuged at 3,000 rpm for 10 minutes to separate the serum.
The supernatant was carefully aliquoted and stored at —80 °C until analysis. For subsequent testing, frozen serum samples
were thawed to room temperature prior to processing.

Untargeted Proteomic

Untargeted proteomic profiling was performed using data-independent acquisition (DIA) for quantitative analysis.*® After
protein extraction with lysis buffer (8 M urea containing protease inhibitors), high-abundance proteins were removed
using an Agilent MARS Hu-14 immunoaffinity column to enrich low-abundance proteins from the flow-through fraction.
Protein concentration was determined by the bicinchoninic acid assay. Subsequent sample processing included reduction
(10 mM dithiothreitol, 56 °C), alkylation (55 mM iodoacetamide, in the dark), and digestion via the filter-aided sample
preparation method. The resulting peptides were desalted using a C18 column prior to analysis.

Peptide separation was carried out on an EASY-nLC 1200 nano-LC system equipped with a C18 analytical column,
using mobile phase A (0.1% formic acid in water) and mobile phase B (0.1% formic acid in 80% acetonitrile). The
gradient elution program was as follows: 7-12% B, 12-30% B, 30-45% B, 45-95% B, and maintained until 60 min.

Mass spectrometry analysis was performed on a Q Exactive HF mass spectrometer equipped with a Nanospray Flex
ion source. The spray voltage was set to 2.2 kV and the ion transfer temperature to 320 °C. DIA acquisition parameters
included a full-scan range of 350—1150 m/z at a resolution of 120,000, followed by 30 MS/MS windows acquired at a
resolution of 30,000 with a normalized collision energy of 33%.

DIA data were processed using Spectronaut software against the UniProt human database. Search settings included
trypsin digestion with up to two missed cleavages, fixed modification of carbamidomethylation on cysteine, and variable
modifications of methionine oxidation and N-terminal acetylation.

Targeted Proteomic

Targeted proteomic quantification was performed using mass spectrometry-based parallel reaction monitoring (PRM).
This method enables both quantitative and qualitative analysis of specific proteins by monitoring the ion signals of
predetermined target peptides, with at least two unique peptides selected per protein.>!

Following tryptic digestion, peptides were separated by liquid chromatography and subsequently analyzed by mass
spectrometry. PRM acquisition comprises two main steps: Precursor Ion Selection—specific precursor ions correspond-
ing to the target peptides were isolated based on their predefined mass-to-charge (m/z) ratios; and Fragment lon
Monitoring—after fragmentation, the resulting product ions were recorded. Quantification was performed based on the
signal intensity of these fragment ions, allowing relative or absolute protein abundance to be determined.

Analyses were carried out on a Q-Exactive high-resolution mass spectrometer, which offers precise mass accuracy
and high sensitivity to ensure reliable detection of low-abundance proteins. Peak identification was performed using
chromatographic and spectral data generated from the instrument. The signal intensity (peak area) of each peptide was
extracted for quantification. Absolute quantification was performed for target peptides using calibration curves con-
structed from synthetic peptide standards of known concentrations.
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Statistical Analysis

Data were processed and analyzed using SPSS Statistics, version 27.0 (IBM Corp., Armonk, NY, USA). All statistical
tests were two-sided, with P <0.05 considered statistically significant. Missing data for all variables were < 5% and
addressed via Markov Chain Monte Carlo (MCMC) multiple imputation with five iterations. Outlier treatment was
performed in conjunction with the actual pathophysiological status of the participants. When outliers were consistent
with pathological upregulation, they were considered valid data and retained for analysis.

Normality of continuous variables was assessed using the Shapiro—Wilk test. Continuous variables were expressed as
mean + standard deviation (Mean + SD) for normally distributed data, or as median with interquartile range [M (P25-
P75)] for non-normally distributed data. Comparisons among groups were performed using one-way analysis of variance
(ANOVA) for normally distributed data, and the Kruskal-Wallis test for non-normally distributed data. Categorical
variables were expressed as frequencies and percentages and analyzed using the chi-squared test.

For proteomics data, protein abundance was log,-transformed and normalized. In the discovery phase, differentially
expressed proteins among the three groups were identified using one-way ANOVA or the Kruskal-Wallis test according
to data distribution, with the false discovery rate (FDR) controlled using the Benjamini—-Hochberg method. Differential
expression was defined as [log, fold change (FC)| > 0.58 and FDR < 0.05. Mfuzz clustering and Spearman correlation
analysis were applied to identify core proteins, followed by gender-specific filtering.

In the validation phase, PRM data were analyzed using the same statistical criteria. When a global test was significant
(P < 0.05), post-hoc pairwise comparisons were conducted with Bonferroni correction to control for Type I error.

Bioinformatics Analysis

Functional annotation and enrichment analyses were performed to explore the biological significance of differentially
expressed proteins. Gene Ontology (GO) terms, including biological process, cellular component, and molecular
function, were obtained from the GO database (http://www.gencontology.org/). Kyoto Encyclopedia of Genes and

Genomes (KEGG) pathway analysis was conducted using the KEGG database (https://www.kegg.jp/kegg/pathway.

html). Enrichment analysis was performed using a hypergeometric test, and the Benjamini-Hochberg method was
applied to control FDR. Enrichment was considered statistically significant at P < 0.05 and FDR < 0.05.

Protein—protein interaction (PPI) networks were constructed by mapping differentially expressed proteins to the
STRING database (https://string-db.org/) with a medium confidence score threshold of 0.400. The network was
visualized using Cytoscape, and hub proteins were identified based on topological analysis.

Feature Selection

The dependent variable was defined as prefrailty, with a Fried score of 1-2 serving as the outcome of interest. Robust and
frail groups were included as controls to help exclude false-positive proteins potentially arising from non-specific aging
in the older adult population. A total of 26 candidate parameters were considered as independent variables, among which
those showing statistically significant differences across the three groups in the validation cohort were selected (P
<0.05). These included 11 clinical parameters, namely sedentary behavior, MMSE, MBI, gait speed, grip strength, TUG,
SPPB, protein, SLM, CysC, and IGF-1, and 15 differentially expressed proteins, including CP, F8, HPX, VWF, RPLPO,
ATPSF1B, LPL, F5, MYH9, HSPG2, SVEP1, BPIFB1, UBE20, ACTN3, and TREMLI.

First, the least absolute shrinkage and selection operator (LASSO) regression algorithm was applied for feature
standardization by adding an L1 norm to the objective function to penalize the regression coefficients. This resulted in the
shrinkage of regression coefficients of redundant variables to zero, thereby achieving feature selection, reducing model
complexity, and addressing multicollinearity.*?

Subsequently, Kendall’s rank correlation coefficient (r) was used to detect monotonic correlations among features to
ensure model parsimony and stability.>® Pairwise Kendall correlation coefficients were calculated for all features to
generate a symmetric matrix. A threshold of |z] > 0.8 was set, where feature pairs with absolute correlation values above
this threshold were considered redundant. In such cases, the feature with a stronger correlation to the target variable was
retained, and the other was removed.
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Machine Learning
Model development and comparison were performed in the Python 3.7 programming environment using eight machine

learning algorithms based on the selected important features. These included ensemble learning algorithms suitable for

high-dimensional data: random forest (RF), gradient boosting (GB), and eXtreme gradient boosting (XGBoost);**°

linear algorithms with good interpretability: logistic regression (LR) and ridge regression (RR);*’*®

39

a probabilistic
algorithm: naive Bayes (NB);*° an instance-based learning method: K-nearest neighbors (KNN);** and a single-tree
algorithm: decision tree (DT).*' During the modeling process, five rounds of cross-validation and grid search for
parameter optimization were repeated to prevent overfitting. Hyperparameter tuning for all algorithms was performed
on the training set using nested cross-validation. The final results were summarized across five rounds of validation, and
the average performance of each algorithm was calculated. Model performance was evaluated primarily using the
receiver operating characteristic (ROC) curve and the area under the curve (AUC) along with its 95% confidence
interval (CI), supplemented by accuracy, precision, recall, and F1 score for comprehensive assessment of the classifica-

tion performance of the eight machine learning algorithms.

Model Interpretability

Shapley Additive Explanations (SHAP) were applied to interpret the optimal model. Rooted in cooperative game theory,
SHAP assigns each feature an importance value by averaging its marginal contribution across all possible feature subsets.
This approach provides a mathematically grounded, transparent explanation of how each feature influences model
predictions, thereby enhancing the interpretability and credibility of the model.*?

Results

Clinical Characteristics in Discovery Cohort

In the discovery phase, the mean age of the participants was 77.00 £ 3.17 years, and 15 participants were male (50%). No
statistically significant differences were observed in general demographic characteristics among the three groups (all P >
0.05). In terms of clinical functional performance, Fried score (P < 0.001), VAS score (P = 0.010), GDS-15 score (P =
0.013), and TUG time increased with the severity of frailty (P = 0.009). MNA-SF score (P = 0.024), MBI (P = 0.009),
gait speed (P = 0.003), grip strength (P = 0.013), and SPPB score (P = 0.010) were all decreased in both the prefrail and
frail groups. Circulating levels of CK (P = 0.038) also decreased progressively from the robust to the frail state. No
significant inter-group differences were observed for number of chronic diseases, protein, BFM, SLM, Vit D, CysC, IGF-
1, CRP, Cr, or TG (all P > 0.05, Table 1).

Proteins in the Discovery Cohort

In the discovery cohort, a total of 1,145 raw proteins were identified at quantifiable levels. Comparative analysis revealed
166 proteins that were differentially expressed among the robust, prefrail, and frail groups (Figure 2A). To elucidate the
biological functions associated with frailty progression, enrichment analyses were performed using the GO and KEGG
databases. Significantly enriched GO terms included vesicle-mediated transport, regulation of response to stimulus,
regulation of immune system processes, platelet activation, regulation of cell communication, proteolysis, muscle
structure development, and muscle cell differentiation (Figure 2B).

KEGG pathway analysis revealed that the transition from robust to frail states involved complement and coagulation
cascades, ferroptosis, focal adhesion, riboflavin metabolism, platelet activation, cholesterol metabolism, glutathione
metabolism, glycerolipid metabolism, and ubiquitin-mediated proteolysis (Figure 2C).

PPI was constructed to visualize functional connectivity among the differentially expressed proteins (Figure 2D).
Clustering analysis highlighted 57 key proteins involved in biological processes such as regulation of adaptive immune
response, regulation of cytokine production, protein polyubiquitination, regulation of skeletal muscle tissue development,
lipid metabolism, and proteolysis.

Based on the bioinformatic analysis of differentially expressed proteins, candidate proteins were prioritized according
to their correlation with clinical phenotypes (Figure 2E); the six clinical indicators were selected based on their
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Table | Comparison of Clinical Characteristics in the Discovery Cohort (N=30)

Characteristic Robust (n=10) Prefrail (n=10) Frail (n=10) FizZly? P value

Demographic characteristics
Gender (male/female, n) 5/5 5/5 5/5 <0.001 1.000
Age (years) 75.60%1.17 78.10+4.58 77.30£2.54 1.697 0.202
Education (years)* 12.00(9.00-16.00) 9.00(8.25-16.00) 11.32(9.00-12.00) 0.476 0.788
BMI (kg/m?) 23.86x1.01 24.07+3.46 24.16+4.80 0.020 0.980
Smoking history (yes/no) 4/6 2/8 4/6 1.200 0.549
Alcohol consumption (yes/no) 6/4 2/8 317 3.732 0.155
Insomnia (yes/no) 317 713 8/2 5.833 0.054
Sedentary behavior (yes/no) 2/8 5/5 713 5.089 0.079
MMSE (score)* 27.50(25.00-29.00) 26.50(25.00-29.00) 27.50(25.00-28.25) 0.327 0.849

Clinical characteristics
Fried (score)* 0.00(0.00-0.00) 1.00(1.00-1.25) 3.00(3.00-3.25) 27.878 <0.001
Chronic diseases(count)* 2.00(1.00-2.50) 2.22(1.00-4.02) 3.50(1.75-4.00) 2421 0.298
VAS (score)* 0.00(0.00-0.00) 0.00(0.00-5.00) 4.00(0.28-5.25) 9.280 0.010
MNA-SF (score)* 14.00(14.00-14.00) 12.50(10.00-14.00) 13.00(10.75-14.00) 7.441 0.024
GDS-15 (score)* 1.00(0.00-2.00) 1.00(1.00-2.00) 3.20(1.75-6.25) 8.730 0.013
MBI (score)* 100.00(99.50-100.00) 99.00(94.25-100.00) 93.50(86.75-98.50) 9.368 0.009
Gait speed (m/s) 1.45+0.56 1.21+0.37 0.76+0.25 7.066 0.003
Grip strength (kg) 31.93+9.46 29.75+6.42 22.03+5.35 5.093 0.013
TUG (time)* 8.49(7.07-10.40) 8.96(8.10-12.51) 11.82(10.71-13.24) 9.363 0.009
SPPB (score)* 12.00(10.75-12.00) 11.00(9.75—-11.00) 9.00(7.75-10.25) 9.206 0.010
Protein (kg) 9.16%1.58 8.75%1.64 8.21£1.58 0.887 0.424
BFM (kg) 17.75+2.06 21.00£7.30 22.07£9.93 0.973 0.391
SLM (kg) 44.18+7.47 42.47+7.94 40.25+7.78 0.648 0.531
Vit D (ng/mL) 22.55+6.52 23.19£13.19 17.68+4.21 I.163 0.328
CysC (mg/dL) 0.09+0.01 0.11£0.02 0.11£0.03 2.940 0.070
IGF-1 (ng/mL)* 13.99(10.90-22.02) 29.41(18.96-33.26) 21.02(15.37-27.80) 5.772 0.056
CRP (mg/L)* 0.92(0.13-1.66) 0.49(0.35-0.63) 0.63(0.16-2.80) 0.321 0.852
CK (U/L)* 89.91(64.75-110.88) 87.80(67.10-138.48) 57.95(53.30-84.37) 6.521 0.038
Cr (umol/L) 71.99£12.11 70.15%15.64 70.01£13.41 0.064 0.938
TG (mmol/L)* 1.10(0.97—1.86) 1.27(0.86—1.85) 1.18(1.07-1.71) 0.156 0.925

Notes: Qualitative data are presented as frequency and analyzed by chi-squared test; Normally distributed quantitative data are expressed as mean + SD and analyzed by ANOVA; *, Non-normally distributed data are expressed as M

(P25-P75) and analyzed by Kruskal-Wallis test.

Abbreviations: BMI, body mass index; MMSE, Mini-Mental State Examination; Fried, Fried Physical Frailty Phenotype; VAS, Visual Analogue Scale; MNA-SF, Mini-Nutritional Assessment-Short Form; GDS-15, Geriatric Depression Scale;
MBI, Modified Barthel Index; TUG, Timed Up and Go Test; SPPB, Short Physical Performance Battery; Protein, total body protein; BFM, body fat mass; SLM, skeletal muscle mass; Vit D, 25-hydroxyvitamin D; CysC, cystatin C; IGF 1,
insulin-like growth factor |; CRP, c-reactive protein; CK, creatine kinase; Cr, creatinine; TG, triglycerides.
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Figure 2 Discovery phase untargeted proteomic analysis (N = 30). (A) Heatmap of |66 differentially expressed proteins across three groups; color scale indicates relative
protein abundance (blue, low; red, high). (B) Gene Ontology (GO) enrichment analysis; bars represent protein counts; line indicates enrichment score. (C) Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment. (D) Protein—protein interaction (PPl) network; edges represent interactions. (E) Correlation matrix of
key proteins and clinical phenotypes; color intensity reflects correlation strength. (F) Expression pattern map. (G) Volcano plot of sex-specific differences; red, upregulated;
green, downregulated. Differentially expressed proteins were identified using one-way ANOVA or Kruskal-Wallis test, Benjamini-Hochberg-adjusted P < 0.05, and |log, fold
change| > 0.58. Protein abbreviations in Table 2. Fried, Fried Physical Frailty Phenotype; MBI, Modified Barthel Index; SPPB, Short Physical Performance Battery; CK, creatine
kinase.

significant baseline differences and clinical representativeness in assessing physical performance. These protein targets
were further filtered by evaluating their fold-change expression trends (Figure 2F) and sex-specific distributions
(Figure 2G). These analyses led to the identification of 30 candidate proteins as potential prefrailty biomarkers for
subsequent PRM-based validation in the verification cohort (all FDR < 0.05; Table 2).

Clinical Characteristics in Validation Cohort

In the validation phase, the mean age of participants was 75.32 £ 5.09 years, with 27 males (27.3%). The prevalence of
sedentary behavior was significantly higher in the prefrail and frail groups (47.5% and 95.0%, respectively; P=0.001)
compared to the robust group (45.0%). MMSE scores decreased progressively with worsening frailty status (P = 0.004).
No significant differences were observed among the three groups in gender, age, years of education, BMI, smoking
history, alcohol consumption use, or insomnia (all P> 0.05).

Fried scores differed significantly among groups (P <0.001). Compared to the robust group, the frail group showed
significantly lower scores in the MBI (P <0.001), gait speed (P <0.001), grip strength (P =0.010), and SPPB (P <0.001).
TUG time was significantly longer in both the prefrail and frail groups than in the robust group (P <0.001). Protein and
SLM were notably lower in the prefrail group compared to the robust group (P=0.017 and P=0.009, respectively).
CysC levels increased significantly only at the frail stage (P=0.040), whereas IGF-1 followed a non-linear trend,
decreasing slightly in prefrailty before peaking in the frail group (P=0.004). In contrast, no significant inter-group
differences were detected for number of chronic diseases, VAS, MNA-SF, GDS-15, BFM, Vit D, CRP, CK, Cr, or TG
levels (all P>0.05; Table 3).

Targeted Proteins in the Validation Cohort
Targeted proteomic analysis via PRM was performed in the validation cohort to quantify the expression levels of 30
candidate proteins previously identified in the discovery phase (Figure 3A). Among these, 15 proteins exhibited
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Table 2 Candidate Proteins Identified by ANOVA for Parallel Reaction Monitoring (PRM) Validation (N=30)

UniProt ID Protein Name F FDR
E9PAV3 NACA Nascent-Polypeptide-Associated Complex Alpha Polypeptide 3.592 0.043
P00450 CP Ceruloplasmin 3919 0.030
P00451 F8 Coagulation Factor VIII 4.579 0.031
P02787 TF Transcription Factor 3.923 0.023
P02790 HPX Hemopexin 3.861 0.024
P04275 VWEF Von Willebrand Factor 4.771 0.017
PO5156 CFl Complement Factor | 3.749 0.039
P05388 RPLPO 60S Acidic Ribosomal Protein PO 3.448 0.048
P06576 ATP5FIB ATP Synthase Subunit Beta, Mitochondrial 6.353 0.003
P06681 c2 Complement component 2 4.247 0.043
P06858 LPL Lipoprotein Lipase 4.594 0.019
P07585 DCN Decorin 17.270 <0.001
P08311 CTSG Cathepsin G 3.752 0.027
P12259 F5 Coagulation Factor V 4.579 0.042
P20742 PZP Pregnancy Zone Protein 3.927 0.024
P28289 TMODI Tropomodulin-1 3.358 0.048
P35443 THBS4 Thrombospondin 4 4.743 0.025
P35579 MYH9 Myosin-9 6.566 0.006
P51884 LUM Lumican 3.758 0.029
P55010 EIF5 Eukaryotic Translation Initiation Factor 5 6.952 0.003
P62256 UBE2H Ubiquitin-conjugating Enzyme E2 H 5.162 0.010
P98160 HSPG2 Basement Membrane-Specific Heparan Sulfate Proteoglycan Core Protein 4.872 0.022
Q08043 ACTN3 Alpha-Actinin-3 4.855 0.013
Q08495 DEMA Dynamin-Related Protein | / Dermatological Evaluation of Mucocutaneous Adverse Events 3919 0.027
QA4LDE5S SVEPI Sushi, Von Willebrand Factor Type A, EGF and Pentraxin Domain-containing Protein | 3.878 0.023
Q86YWS5 TREMLI Trem-like Transcript | Protein 3.542 0.035
Q8TDL5 BPIFBI BPI Fold-containing Family B Member | 6.241 0.006
Q8WWAOD ITLNI Intelectin | 3.424 0.041
Q9BY43 CHMP4A Charged Multivesicular Body Protein 4A 4.253 0.015
Q9Co0C9 UBE20 E3-independent E2 Ubiquitin-conjugating Enzyme 4.273 0.021

Abbreviation: FDR, false discovery rate.

statistically significant differential expression across the robust, prefrail, and frail groups (P <0.05; Figure 3B), including
ceruloplasmin (CP), coagulation factor VIII (F8), hemopexin (HPX), von Willebrand factor (VWF), 60S acidic ribosomal
protein PO (RPLPO), ATP synthase subunit beta mitochondrial (ATP5F1B), lipoprotein lipase (LPL), coagulation factor V
(F5), myosin-9 (MYH9), basement membrane-specific heparan sulfate proteoglycan core protein (HSPG2), sushi, von
Willebrand factor type A, EGF and pentraxin domain-containing protein 1 (SVEP1), BPI fold-containing family B
member 1 (BPIFB1), E3-independent E2 ubiquitin-conjugating enzyme (UBE20), alpha-actinin-3 (ACTN3), and trigger-
ing receptor expressed on myeloid cells like transcript-1 (TREML1).

Feature Selection

A total of 26 independent variables showing statistical significance in the validation phase were subjected to LASSO
regression analysis (Figure 4A). Feature selection was performed using LASSO with cross-validation, and seven features
with non-zero coefficients corresponding to the optimal lambda on the left side of the curve were selected (Figure 4B).
Based on the LASSO results, Kendall correlation analysis (Figure 4C) revealed high collinearity between SLM and total
protein content (t = 0.95). The redundant feature with relatively lower nonlinear association, “Protein” was removed. The
remaining six features, namely MMSE, gait speed, TUG, SLM, UBE20, and ACTN3, were subsequently used to

construct the machine learning model.
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Table 3 Comparison of Clinical Characteristics in the Validation Cohort (N=99)

Characteristic Robust (n=20) Prefrail (n=59) Frail (n=20) FiZly? P value

Demographic characteristics
Gender (male/female, n) 7113 12/47 8/12 3.666 0.160
Age (years) 75.55+4.20 74.71£4.97 76.90+6.06 1.419 0.247
Education (years)* 11.28(9.00-16.00) 12.00(9.00-14.00) 12.00(9.00-16.00) 0.452 0.798
BMI (kg/m?) 25.70+3.65 23.91£3.02 23.69+3.48 2616 0.078
Smoking history (yes/no) 1719 8/51 2/18 1.139 0.566
Alcohol consumption (yes/no) 6/14 13/46 2/18 2.452 0.293
Insomnia (yes/no) 10/10 32/27 11/9 0.129 0.937
Sedentary behavior (yes/no) 9/l 28/31 19/1 15.106 0.001
MMSE (score)* 28.00(27.00-29.00) 28.00(26.30-29.00) 26.00(25.00-27.00) 10.941 0.004

Clinical characteristics
Fried (score)* 0.00(0.00-0.00) 1.00(1.00-2.00) 3.00(3.00-4.00) 61.308 <0.001
Chronic diseases (count)* 2.50(2.00-4.00) 2.00(1.00-4.00) 3.00(2.00-5.50) 4.454 o.110
VAS (score)* 0.00(0.00-1.00) 0.00(0.00-5.00) 3.00(0.00-5.50) 5.557 0.060
MNA-SF (score)* 14.00(13.00-14.00) 13.00(12.00-14.00) 13.00(12.00-14.00) 4.895 0.090
GDS-15 (score)* 1.00(0.00-2.00) 2.00(1.00-3.50) 2.00(1.00—4.50) 5.494 0.060
MBI (score)* 100.00(98.00—-100.00) 100.00(96.00-100.00) 88.00(83.5-94.00) 30.948 <0.001
Gait speed (m/s)* 1.13(0.90-1.40) 1.09(0.97-1.30) 0.69(0.47-0.81) 23.608 <0.001
Grip strength (kg)* 25.45(23.60-35.35) 24.10(21.95-29.55) 21.70(18.80-25.10) 9.785 0.010
TUG (time)* 8.74(8.15-9.64) 9.00(7.80-11.51) 15.42(13.44-25.72) 24813 <0.001
SPPB (score)* 11.00(9.00-11.50) 11.00(10.00-12.00) 7.00(3.50-8.50) 28.535 <0.001
Protein (kg)* 8.60(7.80-10.55) 7.60(7.25-8.50) 8.40(7.30-9.25) 8.205 0.017
BFM (kg) 22.08+6.52 20.59+5.86 20.23+5.67 0.589 0.557
SLM (kg)* 41.70(38.05-51.15) 37.40(35.00—41.35) 41.15(35.75—45.85) 9.403 0.009
Vit D (ng/mL)* 17.93(11.26-27.93) 17.28(13.45-24.64) 16.77(11.04-23.03) 0.983 0.612
CysC (mg/dL)* 0.10(0.09-0.12) 0.10(0.09-0.11) 0.12(0.10-0.14) 6.44| 0.040
IGF-1 (ng/mL)* 20.83(12.92-34.12) 18.97(13.62-27.64) 38.75(21.71-49.42) 11.007 0.004
CRP (mg/L)* 0.52(0.30-1.33) 0.54(0.30-1.22) 0.73(0.20-1.22) 0.072 0.965
CK (U/L)* 85.15(72.25-114.30) 75.80(58.10-100.00) 62.65(44.05-110.90) 4.887 0.087
Cr (umol/L)* 65.53(48.20-81.25) 65.00(53.65-77.55) 70.65(59.85-91.00) 4.767 0.092
TG (mmol/L)* 1.55(1.22-2.17) 1.23(0.90-1.63) 1.34(1.12-1.9¢) 4.859 0.088

Notes: Qualitative data are presented as frequency and analyzed by chi-squared test; Normally distributed quantitative data are expressed as mean + SD and analyzed by ANOVA; *, Non-normally distributed data are expressed as M

(P25-P75) and analyzed by Kruskal-Wallis test.

Abbreviations: BMI, body mass index; MMSE, Mini-Mental State Examination; Fried, Fried Physical Frailty Phenotype; VAS, Visual Analogue Scale; MNA-SF, Mini-Nutritional Assessment-Short Form; GDS-15, Geriatric Depression Scale;
MBI, Modified Barthel Index; TUG, Timed Up and Go Test; SPPB, Short Physical Performance Battery; Protein, total body protein; BFM, body fat mass; SLM, skeletal muscle mass; Vit D, 25-hydroxyvitamin D; CysC, cystatin C; IGF 1,
insulin-like growth factor I; CRP, c-reactive protein; CK, creatine kinase; Cr, creatinine; TG, triglycerides.

[e 32 9y



Ye et al

A B
8 Robust 10
W prefrail ] Robust
M Frail [ Prefrail
* O Frail
*
8 * 4

S

Log10(Intensity)

Log™(Intensity)

" {

ACTN3

ATPSF1B
BPIFBT

cTse

cp

cFl
CHMP4A

2
oEMA
s
Fo

HPX

EIFS

TN

LPL

Lum

MYHO

NACA

HSPG2

T 0
§ cP F8

UBEZH
UBH20

HPX  VWF RPLPO ATPSF1B LPL  F5

MYH9 HSPG2 SVEP1 BPIFB1 UBE20 ACTN3 TREML1
p=0.04 p=0.003 p=0.05 p=0.003 p=0.03 p=0.02 p=0.03 p=0.03 p=0.05 p=0.01 p=0.006 p=0.02 p=0.01 p=0.03 p=0.03

Figure 3 Validation phase targeted proteomic analysis (N = 99). (A) Quantitative expression of candidate proteins; relative abundance of 30 proteins. (B) Differential
protein expression among the three groups; *, Bonferroni-corrected post-hoc pairwise comparisons, P < 0.05. Protein abbreviations in Table 2.
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Figure 4 Machine learning analysis (N = 99). (A) LASSO coefficient profiles; variable selection across log()). (B) Cross validation curve; selection of optimal A based on
binomial deviance. (C) Feature correlation heatmap; relationships among selected variables. (D) Receiver operating characteristic (ROC) curves of the eight machine
learning models. (E) SHAP feature importance; ranking based on mean SHAP values in the random forest model. (F) SHAP summary plot.

Abbreviations: MMSE, Mini-Mental State Examination; TUG, Timed Up and Go Test; Protein, total body protein; SLM, skeletal muscle mass; UBE2O, E3-independent E2
ubiquitin-conjugating enzyme; ACTN3, alpha-actinin-3.

Performance Comparison of Machine Learning

Based on the six selected important features, the study systematically evaluated the classification performance of eight
widely used machine learning algorithms, including RF, GB, XGBoost, LR, RR, NB, KNN, and DT (Figure 4D). The
results showed that ensemble learning methods exhibited the most prominent overall performance. The RF algorithm
achieved the highest AUC (0.896, 95% CI: 0.792—0.971), indicating excellent discriminative ability and stability. GB
ranked second (AUC =0.875, 95% CI: 0.775-0.983), followed by XGBoost (AUC =0.792, 95% CI: 0.707-0.969), which
demonstrated relatively narrow Cls and good generalizability. Among traditional models, LR (AUC =0.844, 95% CI:
0.475-0.948) and RR (AUC =0.833, 95% CI: 0.464-0.948) showed moderate performance, yet their wide Cls suggested
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Table 4 Comparison of Predictive Performance Among the Eight Model (N=99)

Algorithm AUC (95% CI) Accuracy Precision Recall Fl Score
Random Forest 0.896(0.792-0.971) 0.750 0.733 0917 0.815
Gradient Boosting 0.875(0.775-0.983) 0.700 0.714 0.833 0.769
eXtreme Gradient Boosting 0.792(0.707-0.969) 0.600 0.625 0.833 0.714
Logistic Regression 0.844(0.475-0.948) 0.707 0.694 0.834 0.732
Ridge Regression 0.833(0.464-0.948) 0.658 0.641 0.825 0.723
Naive Bayes 0.760(0.448-0.929) 0.713 0.696 0.880 0.778
K-Nearest Neighbors 0.745(0.531-0.955) 0.650 0.667 0.833 0.741
Decision Tree 0.625(0.599-0.964) 0.650 0.692 0.750 0.720

Abbreviations: AUC, area under the curve; Cl, confidence interval.

sensitivity to data distribution. The probabilistic model NB (AUC =0.760, 95% CI: 0.448-0.929) and distance-sensitive
KNN (AUC=0.745, 95% CI: 0.531-0.955) performed similarly, with NB displaying greater variability. In contrast, DT
yielded the poorest results (AUC =0.625, 95% CI: 0.599-0.964), reflecting its instability and limited applicability in this
classification task (Table 4).

SHAP Analysis

The best-performing RF algorithm was further interpreted using SHAP analysis. Figure 4E illustrates the mean absolute
SHAP values for each feature, ranked in descending order of importance: gait speed, SLM, UBE20, TUG, ACTN3, and
MMSE. Figure 4F further reveals the contribution magnitude and direction of each feature to the classification results in
the RF model. Gait speed exhibited the strongest predictive influence. SLM and the protein markers UBE20 and ACTN3
showed more complex, non-linear relationships, where both high and low levels could contribute to prefrailty risk. TUG
time, while less influential, was positively associated with prefrailty risk, whereas MMSE score only contributed
substantially under conditions of pronounced cognitive decline.

Discussion

To our knowledge, this is the first study to integrate high-throughput proteomic data with clinical phenotypes to
systematically characterize the proteomic profiles across different stages of frailty, with prefrailty investigated as a
distinct clinical status. The results revealed that among 166 significantly differentially expressed proteins detected in
older adults across different health statuses, 15 core proteins associated with prefrailty were validated by targeted
proteomics, including CP, F8, HPX, VWF, RPLP0O, ATP5F1B, LPL, F5, MYH9, HSPG2, SVEPI1, BPIFB1, UBE20,
ACTN3, and TREMLI1. Through machine learning combined with SHAP-based interpretability analysis, UBE20 and
ACTN3, together with clinical features including gait speed, SLM, TUG time, and MMSE score, were further identified
as the most promising indicators for early frailty detection. Our findings provide preliminary insights into the molecular
alterations associated with prefrailty and suggest potential protein candidates that may inform future clinical identifica-
tion strategies.

Clinical characteristics, including gait speed, SLM, TUG time, and MMSE scores, have long served as key indicators
for distinguishing prefrailty in older adults.*® Our findings align with established research on frailty risk prediction,
where functional indicators, socio-psychological factors, and physiological parameters remain the most frequently
utilized variables.**** Indeed, a large-scale Chinese cohort study validated that predictive models incorporating cognitive
function, lifestyle behaviors, and body composition indices, specifically muscle mass and visceral fat achieved significant
efficacy in early screening and risk stratification.*> Such clinical indicators are considered indispensable for prefrailty
discrimination due to their high operability in diverse settings and well-defined biological mechanisms.

Integrating two independent cohorts, our results revealed widespread proteomic alterations across different frailty
statuses. A total of 15 proteins, primarily involved in intercellular signaling, protein homeostasis, immune regulation, and
skeletal muscle maintenance, showed significant differences. To further explore the clinical translational potential of
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these markers, an interpretable machine learning framework highlighted ACTN3 and UBE20O as key protein molecules
for identifying prefrailty.

In this study, the altered expression of ACTN3 in the peripheral circulation of prefrail individuals may reflect early-
stage skeletal muscle distress. As a fundamental structural component of type II muscle fibers, ACTN3 is typically
sequestered within the myofibrillar apparatus.*® Its upregulation in serum likely signifies stress-induced leakage from
damaged myocytes, a process increasingly attributed to extracellular vesicle-mediated transport in degenerative muscle
pathologies.*” While ACTN3 elevation serves as a marker of structural vulnerability, UBE20, a multifaceted E3
ubiquitin ligase, represents a more direct enzymatic driver of muscle attrition. We hypothesize that these two proteins
converge on the AMPK/mTOR signaling axis, which is a master regulator of muscle proteostasis.**** Specifically,
excessive UBE20 accelerates the ubiquitination and degradation of the AMPKa2 subunit, thereby blunting mTOR-
mediated protein synthesis.’®>' This pathological synergy, supported by our PPI analysis showing indirect interactions
between ACTN3 and UBE20, suggests that the transition to frailty involves a fundamental shift in muscle protein
turnover. The compensatory increase in ACTN3 and the proteolytic activity of UBE2O collectively disrupt the balance
between muscle synthesis and breakdown. These proteomic trends indicate that the onset of prefrailty typically emerges
gradually under the influence of multi-system dysregulation, while providing measurable biological corroboration for
conventional clinical assessments.

Physical functional performance, muscle mass, and cognitive status primarily reflect the macroscopic manifestations
of physical frailty. In the context of the growing emphasis on precision medicine, integrating these core clinical indicators
with key protein biomarkers may provide a more refined characterization of prefrailty by capturing molecular remodeling
associated with proteostasis imbalance. Such a multidimensional approach may help reveal heterogeneity in prefrailty
that is not detectable using conventional assessment tools alone, thereby offering additional insights for personalized risk
stratification and targeted interventions. Nevertheless, certain non-linear trends in our data warrant further consideration.
The relatively lower levels of total protein, IGF-1, and SLM in the prefrail group compared to the frail group may mirror
an early catabolic or compensatory dysregulation phase preceding later-stage stabilization.’> Concurrently, the universal
hypovitaminosis D among participants serves as a systemic background factor, reflecting a widespread vulnerability in
protein synthesis and calcium signaling pathways inherent to the aging process.>

This study has several limitations. First, its cross-sectional design prevents observing the dynamic progression of
prefrailty and precludes establishing causal relationships. Second, the modest sample size may result in limited statistical
power, potentially masking subtle proteomic alterations or associations in secondary analyses. Third, the single-center
cohort may not fully capture the heterogeneity of older populations; potential confounding factors such as comorbidities
and complex drug histories were not fully controlled, which may influence protein expression. Finally, while external
validation is required to confirm the generalizability of our machine-learning models, computational constraints limited
the breadth of our algorithmic comparisons. Future multi-center, longitudinal studies with larger cohorts and more
rigorous control for clinical confounders are necessary to validate these exploratory findings.

Conclusions

This study revealed distinct proteomic shifts and identified 15 proteins potentially associated with prefrailty, primarily
involved in cell signaling, protein metabolism, immune regulation, and skeletal muscle function maintenance. Based on
the random forest algorithm, a preliminary model combining clinical indicators and protein markers was established for
prefrailty identification. Notably, ACTN3 and UBE20O emerged as promising candidate markers associated with
prefrailty. These findings provide exploratory evidence for the potential of integrating proteomic data into multidimen-
sional prefrailty assessment. However, further large-scale and longitudinal validation is essential to confirm the clinical
utility and robustness of these candidate markers.

Ethics Approval and Informed Consent

The study was conducted according to the guidelines of the Declaration of Helsinki, and approved by the Ethics
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