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Objective: This study aimed to develop and validate a risk prediction model for malnutrition in non-dialysis chronic renal failure 
(ND-CRF) patients, and to explore its status and influencing factors.
Methods: A total of 421 ND-CRF patients treated at a tertiary general hospital in Zhejiang Province from August 1, 2022, to 
September 30, 2023, were enrolled. By comparing various indicators between the malnutrition group (119 patients) and the normal 
nutrition group (302 patients), univariate and multivariate logistic regression analyses were performed to identify influencing factors. 
A risk prediction model was developed and internally validated using the Bootstrap resampling method. Subsequently, 117 ND-CRF 
patients from another tertiary hospital in Zhejiang Province (October 1, 2023, to January 31, 2024) were selected for external 
validation. Calibration plots and decision curve analysis (DCA) were used to assess discrimination and clinical utility.
Results: The incidence of malnutrition was 27.70%. The final nomogram incorporated four clinical predictors (gender, serum 
albumin, glomerular filtration rate, triglycerides) and two psychological predictors (anxiety and depression), with an AUC of 0.795 
(95% CI: 0.745–0.844). Internal and external validation yielded AUCs of 0.776 (95% CI: 0.836–0.904) and 0.825 (95% CI: 
0.742–0.908), respectively. The calibration curve indicated good agreement between predicted and actual probabilities of malnutrition. 
DCA demonstrated the model’s clinical net benefit across a range of threshold probabilities in both the development and validation 
cohorts.
Conclusion: A nomogram-based risk prediction model for malnutrition in ND-CRF patients has been successfully developed and 
validated. This model shows good predictive performance and can assist clinicians in early identification of high-risk individuals, 
providing a foundation for developing and implementing personalized intervention strategies.
Keywords: non-dialysis chronic renal failure, malnutrition, model development, model validation, predictive model

Introduction
Chronic kidney disease (CKD) refers to structural or functional abnormalities of the kidneys persisting for more than 
three months.1 Globally, approximately 697.5 million people are affected by CKD, with a prevalence of about 9.10%.2 

Nearly one-third of cases are in China and India, with an estimated 113.23 million individuals affected in China.2 

Chronic renal failure (CRF) is the progressive outcome of various CKDs, characterized by kidney damage, decreased 
glomerular filtration rate, and associated metabolic disturbances.3 In China, the annual incidence of CRF ranges from 100 
to 150 cases per million people.4 Most CRF patients rely on hemodialysis, peritoneal dialysis, or kidney transplantation 
to delay progression and extend survival. However, the prolonged course and high treatment costs impose significant 
economic and psychological burdens on patients, families, and society. Malnutrition is a key risk factor in CKD 
progression.5 Its prevalence among CRF patients in China is notably high: 60–80% overall, 11.70–47.80% in peritoneal 
dialysis patients, 30–66.70% in hemodialysis patients, and 38.20–43% in ND-CRF patients.6–9 Studies show high rates of 
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protein-energy malnutrition in both advanced non-dialysis and dialysis patients.10 Contributing factors include inflam
mation, oxidative and carbonyl stress, hormonal imbalance, reduced intestinal nutrient absorption, protein loss during 
dialysis—especially peritoneal dialysis—and metabolic acidosis.11–14 ND-CRF patients are particularly prone to sarco
penia, anemia, calcium-phosphate disorders, renal bone disease, cardiovascular complications, and infections.15–18 These 
complications contribute to high morbidity and mortality and severely impair quality of life.15 Therefore, early prediction 
of nutritional risk in ND-CRF patients is critically important.

Currently, research on malnutrition risk prediction models for CRF patients, both domestically and internationally, has 
primarily focused on hemodialysis and peritoneal dialysis populations. For hemodialysis patients, Liu Xueqin,19 Ma 
Guoting,20 and Wei Min21 developed risk prediction models for malnutrition using logistic regression. Tsai et al22 applied 
the C5.0 decision tree, logistic regression, and support vector machine (SVM) methods to analyze influencing factors for 
malnutrition in this group. Yang23 reported a deep learning-based model predicting the risk of low serum albumin in new 
hemodialysis patients. In peritoneal dialysis, Chai Guifen24 and Mei et al25 used logistic regression to identify predictors 
and construct models for protein-energy wasting. However, nutritional assessment for non-dialysis patients has received 
insufficient attention, with only Li Xueqin26 developing a malnutrition risk prediction model specifically for hospitalized 
CKD patients. Most existing models only incorporate dietary status, laboratory indicators, and disease-related factors, 
neglecting psychological aspects. Moreover, apart from studies by Liu Xueqin19 and Chai Guifen,24 most previous 
research has been retrospective, inevitably introducing selection and information biases that may affect model accuracy. 
Additionally, while internal and external validation are crucial for developing reliable prediction models, most studies— 
except for Liu Xueqin,19 which conducted external validation only—have performed internal validation alone, lacking 
external validation support. Furthermore, many studies, such as those by Tsai,22 Chai Guifen,24 and Li Xueqin,26 did not 
adequately report on model discrimination, calibration, or clinical utility, limiting the assessment of their practical 
application value.

This study will adopt a cross-sectional survey to analyze influencing factors of malnutrition in ND-CRF patients. 
Based on this analysis, we will develop a malnutrition risk prediction model for this population and perform both internal 
and external validation, aiming to provide a reference for nutritional interventions in these patients.

Methods
Research Objects
ND-CRF patients were enrolled using convenience sampling from a tertiary Grade A general hospital in Hangzhou, 
Zhejiang Province, between August 1, 2022, and September 30, 2023. For external validation, convenience sampling was 
also applied to recruit ND-CRF patients from the nephrology department of another tertiary Grade A general hospital in 
Shaoxing, Zhejiang Province, from October 1, 2023, to January 31, 2024. The general characteristics of both groups of 
ND-CRF patients are presented in Table 1.

Inclusion Criteria
(1) Patients diagnosed with CRF according to the Guidelines for Integrated Traditional Chinese and Western Medicine 

Diagnosis and Treatment of CRF,27 who had not undergone dialysis or transplantation;
(2) Age ≥ 18 years;
(3) Sufficient reading comprehension and language skills to independently complete questionnaires;
(4) Understanding of the study and voluntary participation with signed informed consent.

Exclusion Criteria
(1) Pregnant or lactating women;
(2) Patients with a history or current diagnosis of psychiatric disorders;
(3) Patients with severe organ dysfunction or other metabolic diseases;
(4) Patients unwilling to participate or who withdrew from the study.
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Sample Size Calculation
This study is an observational predictive modeling study. For the modeling group, a rough estimate based on multi
factorial logistic regression suggests 5–10 patients per influencing variable.28 The dependent variable in this study has 
two levels (normal nutrition and malnutrition). Through literature review and expert consultation, 20 predictors were 
initially considered. With a reported malnutrition prevalence of approximately 36% among ND-CRF patients,29 and 
assuming a 10% loss-to-follow-up rate, the minimum sample size was calculated as: 20 × 5 ÷ 36% ÷ 0.9 ≈ 309 patients. 
The actual sample size enrolled was 421, meeting statistical requirements. For external validation, the recommended 
sample size is generally 1/4 to 1/2 of the modeling group sample.30 Assuming a 10% loss-to-follow-up rate, the required 
external validation sample size would be: 421 × (1/4 to 1/2) ÷ 0.9 ≈ 117 to 234 patients. This study ultimately enrolled 
117 ND-CRF patients for external validation.

Research Tools
Hospital Anxiety and Depression Scale (HADS)
The Hospital Anxiety and Depression Scale (HADS)31 was used to assess anxiety and depression in this study. 
Developed by Zigmond and Snaith in 1983, the scale consists of two subscales: anxiety and depression. Each subscale 
includes 7 items, with a total of 14 items scored from 0 to 3. The total score for each subscale ranges from 0 to 21, with 
a score ≥8 indicating the presence of anxiety or depressive symptoms. In this study, the Cronbach’s α coefficients for the 
anxiety and depression subscales were 0.820 and 0.763, respectively.

Diagnosis of Malnutrition
This study first used the Nutritional Risk Screening 2002 (NRS2002) scale to identify nutritional risk. NRS2002 is a tool 
recommended by the European Society for Clinical Nutrition and Metabolism for nutritional risk screening in 

Table 1 General Characteristics of ND-CRF Patients in the Development and Validation Cohorts (n=421 and n=117, Respectively)

Variable Variable Classification Modeling Group (n=421) Validation Group (n=117)

Number of 
Cases

Proportion (%) Number of 
Cases

Proportion (%)

Gender Male 267 63.4 66 56.4
Female 154 36.6 51 43.6

Education Level Primary education or less 77 18.3 23 19.7

Secondary School 120 28.5 39 33.3
High school or vocational school 110 26.1 29 24.8

College 45 10.7 8 6.8

Bachelor’s degree or higher 69 16.4 18 15.4
Marital Status Married 369 87.6 104 88.9

Unmarried 21 5 9 7.7

Divorced 13 3.1 2 1.7
Widowed 18 4.3 2 1.7

Place of residence Urban 284 67.5 81 69.2

Rural 137 32.5 36 30.8
Living Arrangement Living Alone 6 1.4 2 1.7

Living with Spouse 350 83.1 102 87.2

Living with Relatives 62 14.7 13 11.1
Other 3 0.7 0 0

Monthly Household Income <5000Yuan 19 4.5 0 0

5000~10000Yuan 53 12.6 12 10.3
>10000Yuan 349 82.9 105 89.7

Malnutrition Yes 119 28.3 30 25.6

No 302 71.7 87 74.4
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hospitalized patients.32 The scale assesses three domains: disease severity (score 0–3), nutritional status (score 0–3), and 
age (score 0–1). A total score ≥3 indicates nutritional risk.

If nutritional risk was identified, malnutrition was further evaluated using the Global Leadership Initiative on 
Malnutrition (GLIM) criteria.33 The GLIM criteria comprise three phenotypic and two etiologic components. 
Diagnosis of malnutrition requires at least one phenotypic and one etiologic criterion.
Phenotypic criteria include:

(1) Weight loss: >5% within 6 months or >10% beyond 6 months;
(2) Low BMI: <18.5 kg/m2 for patients aged <70 years, or <20 kg/m2 for those aged ≥70 years;
(3) Reduced muscle mass: calf circumference <30 cm in men or <29 cm in women.

Etiologic criteria include:

(1) Reduced food intake or absorption: energy intake ≤50% of requirement for >1 week, reduced intake for >2 weeks, 
or impaired gastrointestinal function;

(2) Inflammation: acute disease/injury or chronic disease-related inflammation.

This study was reviewed and approved by the Ethics Committee of Zhejiang Shuren University in July 2022 (Approval 
No. 202202035).

Data Collection
Data collection included the following components: Sociodemographic details of ND-CRF patients: age, gender, 
educational level, marital status, place of residence, living arrangement, and monthly household income. Physiological 
parameters: serum albumin, glomerular filtration rate, creatinine, hemoglobin, total cholesterol, triglycerides, and 
parathyroid hormone; along with clinical conditions such as diabetic nephropathy, hypertensive nephropathy, coexisting 
diabetes, and coexisting hypertension. Psychological measures: anxiety and depression. Missing data were handled using 
a principled approach that combined a predefined rule (items with >1/3 missing data were excluded) with statistical 
imputation. Continuous variables were imputed using multiple imputation, while categorical variables were imputed 
using model-based multiple imputation. Sensitivity analyses were performed to confirm the robustness of the results.

Statistical Methods
Statistical analysis was performed using SPSS 25.0, R 4.3.1, and R Studio. Normality was assessed for quantitative data. 
Normally distributed data are presented as mean ± standard deviation and compared using t-tests; non-normally 
distributed data are reported as median and interquartile range and compared using non-parametric tests. Categorical 
variables are expressed as frequency and percentage, with comparisons conducted via chi-square tests. Risk factors 
showing statistical significance (P < 0.05) in univariate analysis were included as independent variables in multivariable 
logistic regression (backward LR method based on maximum likelihood estimation) to identify independent predictors 
and establish a prediction model formula. A nomogram was then constructed using R software. Model performance was 
evaluated using the area under the receiver operating characteristic curve (AUC), the Hosmer–Lemeshow goodness-of-fit 
test, and decision curve analysis (DCA) to assess the model’s discriminative ability, calibration, and clinical utility.

Each participant included in this study was an independent individual, with no repeated measurements or clustered 
data. Prior to performing multivariable logistic regression analysis, we examined the model assumptions. By calculating 
the variance inflation factor (all VIFs < 2.45), we confirmed that there was no severe multicollinearity among the 
independent variables. To test the linearity of continuous independent variables with the logit(p), we included interaction 
terms between the continuous variables and their natural logarithmic values in the regression equation and performed 
hypothesis testing using the Box-Tidwell method. The results showed that all adjusted p-values were > 0.05, indicating 
a linear relationship between the continuous independent variables and the log-odds. The primary outcome of this study 
was malnutrition. In the modeling group, a total of 119 malnutrition events were observed. The final model incorporated 
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six predictor variables, resulting in an events-per-variable ratio of 119/6 ≈ 20:1. This far exceeds the widely recom
mended standard of at least 10–15 events per variable for logistic regression model development, thereby meeting the 
fundamental requirement for model stability. The total sample was randomly divided into a modeling group (n = 421) and 
a validation group (n = 117) in an approximate 7:3 ratio. This allocation proportion is commonly adopted in the field of 
predictive modeling (eg, nomogram development) to ensure the precision of model parameter estimation while reserving 
enough independent data for internal validation.

Results
Development of a Risk Prediction Model for Malnutrition in ND-CRF Patients
Univariate Analysis of Risk Factors for Malnutrition in the Development Cohort
Comparisons were made between the malnutrition group and the non-malnutrition group regarding sociodemographic, 
physiological, and psychological data. Univariate analysis revealed statistically significant differences (P < 0.05) in age, 
gender, marital status, coexisting hypertension, serum albumin, glomerular filtration rate, creatinine, triglycerides, 
anxiety, and depression. Detailed information is provided in Table 2.

Table 2 Comparison of Baseline Characteristics Between Malnourished and Normal-Nourished Patients

Variable Malnutrition 
Group (n=119)

Normal Nutrition 
Group (n=302)

χ2/Z/ t value P value

Age (years) 48.00 (37.00, 56.00) 52.00 (43.00, 60.25) −3.246b 0.001
Serum Albumin (g/L) 34.06±5.81 36.96±4.65 4.872c 0.000
Glomerular Filtration Rate (mL/min) 7.38 (5.53, 9.95) 8.78 (6.20, 13.60) −2.864b 0.004
Serum Creatinine (μmol/L) 586.00 (456.00, 803.00) 537.00 (383.00, 734.00) −2.170b 0.030
Hemoglobin (g/L) 94.00 (82.00, 106.00) 95.00 (84.00, 109.00) −1.149b 0.251

Total Cholesterol (mmol/L) 4.27 (3.40, 5.10) 4.19 (3.25, 5.10) −0.374b 0.708

Triglycerides (mmol/L) 1.28 (0.97, 1.84) 1.55 (1.08, 2.34) −3.062b 0.002
Parathyroid Hormone (pg/mL) 274.80 (139.10, 450.90) 226.24 (136.80, 340.08) −1.678b 0.093

Gender 19.143a 0.000
Male 56 (47.1%) 211 (69.9%)
Female 63 (52.9%) 91 (30.1%)
Education Level 4.421a 0.352

Primary education or less 18 (15.1%) 59 (19.5%)
Secondary School 30 (25.2%) 90 (29.8%)

High school or vocational school 31 (26.1%) 79 (26.2%)

College 17 (14.3%) 28 (9.3%)
Bachelor’s degree or higher 23 (19.3%) 46 (15.2%)

Marital Status 10.149a 0.017
Married 101 (84.9%) 268 (88.7%)
Unmarried 12 (10.1%) 9 (3.0%)
Divorced 3 (2.5%) 10 (3.3%)
Widowed 3 (2.5%) 15 (5.0%)
Place of residence 0.276a 0.599

Urban 78 (65.5%) 206 (68.2%)

Rural 41 (34.5%) 96 (31.8%)
Living Arrangement 5.558a 0.135

Living Alone 1 (0.8%) 5 (1.7%)

Living with Spouse 92 (77.3%) 258 (85.4%)
Living with Relatives 25 (21.0%) 37 (12.3%)

Other 1 (0.8%) 2 (0.7%)

(Continued)
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Multivariable Logistic Regression Analysis of Malnutrition Risk Factors in the Development Cohort
The ten risk factors found to be statistically significant in the univariate analysis (age, gender, marital status, coexisting 
hypertension, serum albumin, glomerular filtration rate, creatinine, triglycerides, anxiety, and depression) were included as 
independent variables. The presence or absence of malnutrition was used as the dependent variable in a multivariable 
logistic regression analysis using the backward LR method. Detailed variable assignments are provided in Additional file 1. 
The results identified six independent predictors of malnutrition: gender, serum albumin, glomerular filtration rate, 
triglycerides, anxiety, and depression. Details are presented in Table 3.

Table 2 (Continued). 

Variable Malnutrition 
Group (n=119)

Normal Nutrition 
Group (n=302)

χ2/Z/ t value P value

Monthly Household Income 5.018a 0.081
<5000Yuan 3 (2.5%) 16 (5.3%)

5000~10000Yuan 21 (17.6%) 32 (10.6%)

>10000Yuan 95 (79.8%) 254 (84.1%)
Diabetic Nephropathy 2.389a 0.122

Yes 10 (8.4%) 42 (13.9%)

No 109 (91.6%) 260 (86.1%)
Hypertensive Nephropathy 0.566a 0.452

Yes 2 (1.7%) 9 (3.0%)

No 117 (98.3%) 293 (97.0%)
Diabetes Co-morbidity 2.410a 0.121

Yes 24 (20.2%) 83 (27.5%)

No 95 (79.8%) 219 (72.5%)
Hypertension Co-morbidity 8.863a 0.003
Yes 90 (75.6%) 264 (87.4%)
No 29 (24.4%) 38 (12.6%)
Anxiety 16.69a 0.000
Yes 36 (30.3%) 40 (13.2%)
No 83 (69.7%) 262 (86.8%)
Depression 20.527a 0.000
Yes 24 (20.2%) 17 (5.6%)
No 95 (79.8%) 285 (94.4%)

Notes: Factors with statistically significant effects are bolded in the table, aχ2-value; bz-value; ct-value.

Table 3 Multivariable Logistic Regression Analysis of Malnutrition in ND-CRF Patients

Risk Factors β Value SE Value Wald Value P value Odds Ratio 95% CI

Gender (Female) 1.329 0.262 25.721 0.000 3.778 2.260~6.316

Serum Albumin −0.136 0.026 28.141 0.000 0.873 0.830~0.918

Glomerular Filtration Rate −0.034 0.017 3.976 0.046 0.966 0.934~0.999
Triglycerides −0.478 0.150 10.129 0.001 0.62 0.462~0.832

Anxiety 1.134 0.322 12.438 0.000 3.109 1.655~5.841

Depression 1.505 0.406 13.768 0.000 4.506 2.035~9.982

(Constant) 4.075 0.942 18.714 0.000 –

Note: Only variables with statistical significance are displayed. 
Abbreviations: β, Partial regression coefficient; SE, Standard error; Wald, Likelihood ratio test; OR, Odds ratio; CI, Confidence 
interval.
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Development and Nomogram Construction of a Malnutrition Risk Prediction Model 
for ND-CRF Patients
Based on the multivariable logistic regression analysis, six independent predictors were identified: gender, serum 
albumin, glomerular filtration rate, triglycerides, anxiety, and depression. The prediction model was constructed as 
follows: Probability of Malnutrition = eZ / (1 + eZ) × 100%,

where Z = 4.075 + 1.329 × gender (female) – 0.136 × serum albumin – 0.034 × glomerular filtration rate – 0.478 × 
triglycerides + 1.134 × anxiety + 1.505 × depression. A nomogram was subsequently developed based on this model, as 
detailed in Figure 1.

Evaluation of the Malnutrition Risk Prediction Model for ND-CRF Patients
The discriminative ability of the developed prediction model was assessed using ROC curve analysis. The results showed an 
AUC of 0.795 (95% CI: 0.745–0.844, P < 0.001), indicating that the model has good discriminatory power and can effectively 
distinguish between patients with and without malnutrition. The optimal cutoff value for the model was determined based on 
the maximum Youden index. In this study, the maximum Youden index was 0.465, corresponding to a sensitivity of 77.3% and 
a specificity of 69.2%. The associated cutoff probability was 0.27, which corresponded to a total nomogram score cutoff of 
144 points. The Hosmer–Lemeshow goodness-of-fit test was used to evaluate model calibration (χ2 = 12.639, P= 0.125). The 
result indicated no significant lack of fit, suggesting good agreement between predicted and observed outcomes.

The decision curve analysis (DCA) of the malnutrition risk prediction model developed for ND-CRF patients 
demonstrates favorable clinical utility. The model shows a relatively high net clinical benefit when the threshold 
probability ranges from 10% to 83%. The ROC curve, calibration curve, and DCA curve from the internal validation 
of the model are detailed in Figure 2.

Validation of the Malnutrition Risk Prediction Model for ND-CRF Patients
First, internal validation was performed using the bootstrap method with 1000 resamples. The area under the ROC curve 
after resampling was 0.776 (95% CI: 0.836–0.904), indicating good discriminative ability of the nomogram prediction 
model. The calibration curve fluctuated closely around the ideal line, with an absolute error of 0.02, demonstrating good 
agreement between predicted and observed risks.

Figure 1 Nomogram for the Malnutrition Risk Prediction Model in Non-Dialysis Patients with Chronic Renal Failure.
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Figure 2 The ROC curve (a), calibration curve (b), and DCA curve (c) of the internal validation of the prediction model.
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Baseline characteristics were comparable between the model development group and the external validation group, 
except for monthly household income. External validation was conducted using 117 participants. The results showed an 
AUC of 0.825 (95% CI: 0.742–0.908). The calibration curve (logistic calibration) closely followed the ideal line, and the 
Hosmer–Lemeshow test (χ2 = 5.699, P = 0.770) indicated good predictive accuracy of the model. Decision curve analysis 
(DCA) further confirmed the model’s favorable clinical utility. The model provided a high net clinical benefit within 
a threshold probability range of 0.5% to 72%. Detailed results are presented in Figure 3.

Discussion
Analysis of Malnutrition Incidence in ND-CRF Patients
Among the 538 patients in the development and validation cohorts of this study, 149 were diagnosed with malnutrition, 
resulting in an overall incidence of 27.70%. This rate is lower than the findings reported by Caravaca,29 Prakash,34 Yan,9 

and others. It is also lower than the pooled prevalence of 44.2% reported in the meta-analysis by Rashid.35 The study 
cohort in our research is drawn from broader sources and has a larger sample size compared to the studies by Yan,9 

Caravaca,29 and Prakash et al. Regarding assessment tools, this study adopted the Global Leadership Initiative on 
Malnutrition (GLIM) diagnostic criteria, which are more stringent than the Subjective Global Assessment. Geographic 
variation, differences in healthcare levels, and variations in disease staging may also contribute to the observed 
differences in malnutrition incidence. Although existing studies do not show completely consistent results regarding 
malnutrition incidence in ND-CRF patients, they collectively indicate a high malnutrition risk in this population. 
Therefore, early screening for nutritional risk, identification of high-risk individuals, analysis of influencing factors, 
and implementation of personalized interventions are essential for chronic kidney disease management.

Analysis of Influencing Factors for Malnutrition in ND-CRF Patients
In this study, the incidence of malnutrition was 40.9% in female patients and 21.0% in male patients. The risk of 
malnutrition in women was 3.778 times higher than in men, consistent with previous findings.36,37 This may be due to 
greater psychological sensitivity in women, leading to negative emotions, gastrointestinal reactions, and increased 
malnutrition risk. Additionally, body image concerns among women may contribute to dietary restrictions and insuffi
cient nutrient intake. However, the relationship between malnutrition and gender remains debated38–40 and warrants 
further study. Healthcare providers should prioritize nutritional management in female patients through timely screening 
and targeted interventions.

Second, anxiety and depression were identified as independent risk factors for malnutrition, aligning with studies on 
maintenance hemodialysis and stage 5 CKD patients by Liu19 and Chen,41 among others. Negative emotions can activate 
the sympathetic nervous system, suppress gastrointestinal function, and reduce appetite. They may also stimulate cortisol 
secretion via the HPA axis, promote inflammatory cytokine release, and accelerate protein catabolism,42,43 thereby 
worsening nutritional status. Notably, malnutrition and emotional states may have a bidirectional relationship;44 mal
nutrition itself can increase anxiety and depression, as seen in ND-CRF patients with reported anxiety and depression 
rates of 49.5% and 45.22%, respectively.45,46 Early psychological assessment and intervention are therefore crucial in 
preventing malnutrition in this population.

Third, glomerular filtration rate (GFR) was a protective factor against malnutrition (OR = 0.966), consistent with prior 
studies.11,34,47 Declining renal function leads to toxin accumulation, gastrointestinal symptoms, and malnutrition, which 
in turn accelerates the loss of GFR and renal blood flow.48 Close monitoring and early nutritional support are 
recommended for patients with low GFR.

Fourth, serum albumin was also a protective factor (OR = 0.873), supporting its established inverse association with 
malnutrition.19,24,26 Reduced dietary intake and gastrointestinal issues in ND-CRF patients lower exogenous protein 
supply and endogenous albumin levels, impairing nutrient transport.19 Dynamic monitoring and correction of hypoalbu
minemia are important in clinical management.

Fifth, triglycerides acted as a protective factor (OR = 0.620), like observations in heart failure and elderly hospitalized 
patients.49,50 Triglycerides serve as a biomarker of nutritional status51 and play a key role in energy supply and fat 
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Figure 3 The ROC curve (a), calibration curve (b), and DCA curve (c) for the external validation of the prediction model.
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storage. Low triglyceride levels may reflect inadequate dietary intake.52 Although >40% of CKD patients exhibit 
elevated triglycerides,53 malnourished individuals often show normal or low levels. Regular monitoring and correction 
of low triglyceride levels are advised.

This study first applied the NRS2002 to screen for nutritional risk, then used GLIM criteria to diagnose malnutrition. 
Compared with Li Xueqin’s model for hospitalized CKD patients26—which included four factors such as CKD stage, 
age, psychological index, and serum albumin—our model shares predictors like serum albumin, anxiety, and depression, 
but differs by including gender, GFR, and triglycerides. Variations may arise from differences in the study population (all 
ND-CRF patients in our study versus 56.6% stage 1 CKD patients in Li’s study), consideration of comorbidities like 
diabetic nephropathy and hypertension, and regional disparities. Furthermore, while previous studies have reported age 
≥65 years as a risk factor for malnutrition in non-dialysis chronic kidney disease patients,54 age did not show statistical 
significance in the multivariate analysis in this study. A possible explanation is that the mean age of our cohort was 
relatively young (50.73 ± 13.17 years), with only 54 patients (12.8%) aged 65 years or older, which may account for the 
inconsistency in findings.

Analysis of the Clinical Value of the Malnutrition Risk Prediction Model for ND-CRF 
Patients
Based on univariate and multivariate logistic regression analyses, a risk prediction model for malnutrition in ND-CRF 
patients was developed. The model showed good discriminative ability, with AUC values greater than 0.7 in the 
derivation, internal validation, and external validation cohorts, indicating effective identification of malnutrition risk in 
this population.

Furthermore, the Hosmer–Lemeshow test yielded P-values greater than 0.05 in both the derivation and validation sets, 
and the calibration curves from internal and external validation demonstrated good fit, suggesting that the model aligns 
well with the actual nutritional status of patients. The decision curve analysis (DCA) curves for both the derivation and 
external validation groups were above the extreme line, supporting the model’s favorable clinical utility.

These results indicate that the developed prediction model possesses strong discriminative ability, accuracy, and 
clinical applicability, and can serve as a practical tool for predicting malnutrition in ND-CRF patients.

Implications of the Malnutrition Risk Prediction Model for Clinical Practice in ND-CRF 
Patients
For the management of female ND-CRF patients, a systematic and integrated care approach is recommended. Nutritional 
assessment should be conducted every 2–3 months, accompanied by strengthened nutrition education and risk prevention 
guidance for both patients and their families. In clinical monitoring, key indicators such as serum albumin, glomerular 
filtration rate, and triglycerides should be regularly evaluated. If abnormalities are detected, prompt analysis and targeted 
interventions should be implemented—for example, nutritional support for hypoalbuminemia, and active management of 
risk factors such as hypertension, hyperglycemia, infection, and acidosis in patients with declining glomerular filtration 
rate, along with guidance on a low-sodium, low-fat, and moderate-protein diet. Attention should also be given to patients’ 
psychological well-being. Regular screening for anxiety and depression is advised, along with efforts to help patients 
build a robust social support network. These measures can comprehensively improve disease management, slow disease 
progression, and enhance quality of life and long-term outcomes.

This study has several limitations. First, due to constraints in time, manpower, and patient availability, the external 
validation sample size was relatively small. Future studies should expand the sample to further verify the model’s 
stability. Second, insufficient sample sizes in certain variable subgroups may have led to the omission of important risk 
factors. Research on influencing factors for malnutrition in ND-CRF patients remains incomplete, and more potential 
factors should be explored in the future. Finally, as the sample was drawn from only two hospitals in Zhejiang Province, 
the model’s applicability in other regions needs to be validated through multicenter studies.
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Conclusions
Gender, glomerular filtration rate, serum albumin, triglycerides, anxiety, and depression are influencing factors for 
malnutrition in ND-CRF patients. The nomogram model developed based on these variables can assist healthcare 
professionals in identifying patients at risk of malnutrition within this population. This study provides preliminary 
validation of the prediction model. Future multicenter, large-sample studies are needed to explore additional risk factors 
and further verify the model’s generalizability.
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