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Abstract
The rapid decline of kidney function in middle-aged and elderly people has become an increasingly serious public 
health problem. Machine learning (ML) technology has substantial potential to disease prediction. The present 
study use dataset from the Chinese Health and Retirement Longitudinal Study (CHARLS) and utilizes advanced 
Gradient Boosting algorithms to develop predictive models. Least Absolute Shrinkage and Selection Operator 
(LASSO) regression was used to identify the key predictors, and multivariate logistic regression was utilized to 
validate the independent predictive power of the variables. Furthermore, the study integrated SHapley Additive 
exPlanations (SHAP) to boost the interpretability of the model. The findings show that the Gradient Boosting Model 
demonstrated robust performance across both the training and test datasets. Specifically, it attained AUC values 
of 0.8 and 0.765 in the training and test sets, respectively, while achieving accuracy scores of 0.736 and 0.728 in 
these two datasets. LASSO regression identified key influencing factors, including estimated glomerular filtration 
rate (eGFR), age, hemoglobin (Hb), glucose, and systolic blood pressure (SBP). Multivariate linear regression further 
confirmed the independent associations between these variables and rapid kidney function deterioration (P < 0.05). 
This study developed a risk assessment model for rapid kidney function deterioration that is applicable to middle-
aged and elderly populations in China.
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Background
The phenomenon of the population getting older and 
older all over the world shows a trend of increasing 
severity [1, 2]. It is projected that by the year 2030, the 
elderly group will represent 21.93% of all the world popu-
lation [3]. China, as a country that has one of the highest 
aging rates [4], is supporting its old population as much 
as 13.50% [5] and is on their way up to 30% by the year 
2050 [6]. This development poses considerable health 
challenges for middle-aged and older adults, while also 
increasing the strain on public health infrastructure and 
medical resource distribution [7]. Progressing in age is 
linked with a variety of health problems [8], mainly kid-
ney disease, which is a feeding channel for middle-aged 
and elderly populations [9]. The rapid decrease in kidney 
function is highly correlated with the underlying kidney 
disease [10] and is linked to health risk events of depres-
sion [11], dementia [12], cardiovascular events [13], and 
early mortality [14]. Therefore, identifying patients at 
high risk of rapid kidney function decline early on is cru-
cial for improving their outlook and quality of life. It is 
worth noting that renal function decline is a continuous 
and dynamic process, while most existing studies focus 
on the dichotomous outcome of whether renal function 
will deteriorate. Quantitative analysis of changes in renal 
function can more accurately identify the rate of decline 
in high-risk populations, providing timely evidence for 
clinical intervention. However, there is still a lack of 
research on dynamic influencing factors of renal function 
decline in middle-aged and elderly populations.

Machine Learning (ML) is a branch of artificial intel-
ligence that enables computers to learn from data and 
recognize patterns without relying on traditional pro-
gramming instructions [15]. This approach surpasses 
traditional techniques in handling unstructured data and 
complex patterns, leading to its increasing popularity in 
disease prediction [16].In the field of renal function risk 
prediction, machine learning technology has made sig-
nificant progress. For example, Barah et al. [17] devel-
oped a discarding machine learning prediction model 
for predicting dead donor kidneys, which improved the 
success rate of organ transplantation. At the same time, 
there are studies to improve the prediction accuracy by 
integrating multiple machine learning methods in the 
renal transplant survival prediction model [18]. One 
study effectively utilized everyday lab results to forecast 
the occurrence of estimated glomerular filtration rate 
(eGFR) decline or renal dysfunction [19]. Additionally, 
Chen et al. [20] predicted the influence of study variables 
on kidney stone formation. Furthermore, numerous stud-
ies have addressed the prediction of renal function [21], 
acute kidney injury (AKI) [22, 23], end-stage kidney dis-
ease (ESKD) [24], and short-term eGFR fluctuations in 
patients with chronic kidney disease (CKD) [25]. It is 

worth noting that in 2024, lee et al. developed a machine 
learning model to predict rapid kidney function decline 
in patients with diabetes and chronic kidney disease, 
achieving an AUC of 0.826 in the test set [26].

Overall, these studies demonstrate that machine learn-
ing techniques hold great potential in predicting kidney 
function risks and can provide strong support for clinical 
decision-making. However, there are two major limita-
tions in the existing research. First, including the study by 
Lee et al., most studies have primarily focused on specific 
patient groups (such as those with diabetes or chronic 
kidney disease) and lack generalizability to a broader 
middle-aged and elderly population. Second, current 
studies are largely concentrated on binary predictions of 
kidney function abnormalities or end-stage outcomes, 
with a significant lack of quantitative assessments of the 
risk of rapid kidney function decline in middle-aged and 
elderly individuals, as well as continuous analyses of the 
eGFR decline rate (ΔeGFR).

This study is the first to combine binary classification 
prediction of rapid kidney function decline with quanti-
fication of the degree of kidney function decline (eGFR 
decline rate). By constructing machine learning predic-
tive models and linear regression analysis, we systemati-
cally investigate the key factors influencing rapid kidney 
function decline and their specific impact on ΔeGFR. 
When kidney function declines rapidly (defined as an 
annual eGFR decrease of ≥ 3 mL/min/1.73  m²) [27], the 
risk of progressing to chronic kidney disease (CKD) sig-
nificantly increases, not only reducing the quality of life 
for middle-aged and elderly populations but also increas-
ing healthcare burdens. Therefore, this study aims to 
develop a tool for predicting rapid kidney function 
decline in middle-aged and elderly Chinese citizens and 
further explore the specific impact of related factors on 
kidney function decline through regression analysis. This 
initiative can screen out high-risk individuals using the 
model and then develop personalized lifestyle adjustment 
plans for these high-risk individuals based on regression 
analysis results, thereby achieving the goal of reducing 
CKD incidence and improving health outcomes for mid-
dle-aged and elderly populations.

Research data and methods
Data sources and study population
The data employed in this research were derived from 
the China Health and Retirement Longitudinal Study 
(CHARLS), which was mainly aimed at Chinese people 
aged 45 and over [28]. The CHARLS methodology aligns 
with global standards by mirroring the Health and Retire-
ment Study and using a Probability Proportional to Size 
sampling approach that considers county Gross Domes-
tic Product [29]. Initiated in 2011 and completed in 2012, 
the baseline survey covered a broad spectrum of the 
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population, including 150 counties and 450 communities, 
with a substantial sample size of 17,708 participants [30, 
31]. Two-year check-ups have been conducted, culminat-
ing in four data collections by 2018. CHARLS follows the 
ethical rules set by the Helsinki Declaration and every 
participant in the study has given their informed consent. 
Our analysis of CHARLS data is secondary, following 
the Strengthening the Reporting of Observational Stud-
ies in Epidemiology (STROBE) guidelines to uphold the 
integrity and precision of epidemiological findings [32]. 
It should be noted that this study is not a clinical trial. 
Therefore, the clinical trial number is not applicable.

The study selected samples from two time points in the 
CHARLS survey data: Wave 1, the starting point in 2011, 

and Wave 3, a follow-up conducted in 2015. Among the 
initial 17,708 participants, a total of 5,022 were included 
according to Fig. 1.

Outcome definition
This study aims to assess the rapid decline in kidney 
function in middle-aged and older adults in China. We 
used the modified the Modification of Diet in Renal Dis-
ease (MDRD) equation to compute and estimate the glo-
merular filtration rate (eGFR) as the main indicator to 
evaluate renal function [33]. This equation was optimized 
for Chinese population, and the calculation formula is as 
follows:

eDFR = 175 × Scr−1.234 ×Age−0.179 × 0.79 (Feman)

Fig. 1  Flowchart of participant selection for the study
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eGFR = 175 × Scr−1.234 × Age−0.179 (Man)
A rapid decline in kidney function is defined as an 

annual eGFR decrease of 3 mL/min/1.73 m2 or more [27]. 
We selected eGFR data from 2011 to 2015 to assess the 
baseline and endpoint of kidney function changes. By 
comparing eGFR values at these two points, we deter-
mine the annual rate of change in participants’ kid-
ney function. Additionally, we calculated the difference 
between baseline eGFR and endpoint eGFR (ΔeGFR) as 
an alternative measure of kidney function change.

Data preprocessing and feature selection
This study included a comprehensive selection of demo-
graphic factors such as age, sex; physiological indicators 
including height, weight, blood pressure, and heart rate; 
health risk factors encompassing smoking, alcohol con-
sumption, sleep patterns, dyslipidemia, hypertension, 
diabetes, and heart and kidney diseases; and biochemi-
cal markers comprising creatinine (Cr), low-density 
lipoprotein (LDL), high-density lipoprotein (HDL), uric 
acid (UA), C-reactive protein (CRP), glucose, glycated 
hemoglobin, blood urea nitrogen (BUN), total cholesterol 
(TC), triglycerides (TG) and eGFR, resulting in a total 
of 35 candidate factors. In the initial stage, we standard-
ized the dataset and applied coding transformations to 
categorical variables, with binary variables coded as 0/1 
and multi-category variables represented using dummy 
variables. For missing data (total missing < 5%; see Sup-
plementary Table S1), we utilized the mice package 
for multiple imputation to ensure the robustness of the 
dataset [34]. To understand the potential structure of the 
dataset, we plotted histograms for all continuous vari-
ables and bar charts stratified by the results of categori-
cal variables to assess data quality and distribution (see 
Supplementary Fig S1 and Fig S2).

During the data preprocessing stage, we initially 
applied the Kolmogorov-Smirnov test to assess the distri-
bution of all variables, which indicated that all variables 
were non-normally distributed (see Supplementary Table 
S2). Consequently, to mitigate potential interference 
caused by dimensional differences during subsequent 
model training, we standardized the continuous variables 
to conform to a standard normal distribution, denoted as 
N (0,1). Subsequently, we employed the Spearman rank 
correlation coefficient to assess the link between each 
variable and the swift deterioration in kidney function 
(see Supplementary Fig S3), establishing a correlation 
threshold of corr > 0.9 to filter out variables with higher 
correlations. Furthermore, we filtered and extracted the 
selected features using the feature_selection_function, 
resulting in a more refined and effective feature set for 
subsequent model construction, thereby enhancing the 
model’s performance and predictive accuracy.

Model construction and interpretation
Lasso Regression is employed for feature selection by 
incorporating L1 regularization [35]. The regularization 
parameter λ is optimized within the training set using 
5-fold cross-validation, ultimately resulting in the selec-
tion of λ = 0.0047, which corresponds to the minimum 
mean squared error (see Fig. 2a-b). This process identifies 
an optimal subset of 16 features (see Fig. 3), which dem-
onstrate predictive power for rapid declines in renal func-
tion. To identify the most effective predictive model for 
rapidly assessing kidney function decline, we evaluated 
four advanced machine learning algorithms: Gradient 
Boosting (GB), Extreme Gradient Boosting (XGBoost), 
Random Forest (RF), and Adaptive Boosting (AdaBoost). 
These models are widely used in medical prediction tasks 
[17–19]. The dataset was partitioned randomly into a 

Fig. 2  (a): Variable selection by the LASSO regression model; (b): Mean Squared Error Plot for Different Lambda Values
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training set and a test set in an 80:20 ratio [36]. For the 
training dataset, 5-fold cross-validation was combined 
with grid search to fine-tune the hyperparameters of four 
models: GB, XGBoost, RF, and AdaBoost (see Supple-
mentary Table S3). To address the issue of class imbal-
ance, after hyperparameter optimization, we performed 
Synthetic Minority Over-sampling Technique (SMOTE) 
sampling on the final training set (80%) to ensure a bal-
anced data ratio. Finally, the models were trained on the 
training dataset using the optimized parameters and 
feature subset. The random seed to 0 to ensure repro-
ducibility. To gain deeper insights into the constructed 
machine learning model, the SHapley Additive exPlana-
tions (SHAP) algorithm was implemented on the highest 
- performing Gradient Boosting model, thereby enhanc-
ing its transparency and interpretability [37]. The SHAP 
algorithm assesses the contribution of each feature to 
the model’s predictions, presenting the average impact of 
each feature on the prediction of rapid declines in kidney 
function across all samples, both globally and locally.

Regression analysis and visualization based on ΔeGFR
To further leverage the value of data and provide deeper 
clinical insights, this study conducted a series of analyses 
focused on ΔeGFR (the change in eGFR). First, we con-
structed a histogram of ΔeGFR to show the central ten-
dency and dispersion of the data (see Supplementary Fig 
S4). We subsequently conducted multicollinearity tests 

for all variables and removed Body Mass Index (BMI), 
TC, and LDL owing to severe multicollinearity. Follow-
ing this removal, the variance inflation factors (VIF) for 
the remaining variables were all < 5 (see Supplementary 
Table S4), indicating the absence of significant multicol-
linearity. Next, we performed univariate linear regression 
analysis to evaluate each of the 35 candidate features for 
their independent correlation with ΔeGFR. Based on the 
significance criteria (p < 0.05), we initially screened out 
variables demonstrating a significant association with 
ΔeGFR, thereby establishing a foundation for subsequent 
analyses (see Supplementary Table S5). Subsequently, we 
included statistically significant features (p < 0.05) from 
the univariate analysis into a multivariate linear regres-
sion model using bidirectional stepwise regression to 
ascertain the independent association strength of each 
variable with ΔeGFR, represented by β coefficients and 
95% confidence intervals. For variables with p < 0.05 in 
multivariate linear regression models, we utilized scat-
ter plots and box plots as visualization tools to explore 
potential dose-response relationships with ΔeGFR, 
thereby enhancing our understanding of variable associa-
tions at an intuitive level (see Supplementary Fig S5 and 
S6).

Model performance evaluation
In order to accurately evaluate the predictive ability of 
the model, several widely accepted evaluation indicators 

Fig. 3  LASSO feature importance map
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were used, including receiver working characteristic 
curve (ROC), area under the curve (AUC), positive pre-
dictive value (PPV), sensitivity, negative predictive value 
(NPV), specificity, accuracy, precision, recall rate, F1 
score and optimal threshold [37]. The AUC can evalu-
ate the model’s performance at different classification 
thresholds; sensitivity and specificity are used to mea-
sure the model’s ability to identify true positives and true 
negatives; accuracy emphasizes the precision of posi-
tive predictions, while recall further reflects the model’s 
capability to detect true positive samples; the F1 score 
integrates both accuracy and recall. Additionally, we 
employed decision curve analysis (DCA) to illustrate 
the net benefit of the model at various decision thresh-
olds, thereby assessing its effectiveness in clinical and 
related practical applications. By comprehensively eval-
uating these metrics across the training set and test set, 
we ultimately identified the model with the best perfor-
mance for accurately predicting rapid declines in kidney 
function.

Statistical analysis
In this study, continuous variables were non-normally 
distributed and described by median and interquartile 
range (IQR). The Mann-Whitney U test was employed to 
compare differences between groups. Categorical vari-
ables were displayed as percentages, and group differ-
ences were analyzed via the Pearson chi-square test. All 
data analyses were executed using R (4.1.2) and Python 
(3.7.0).

Results
Baseline population characteristics
Overall, 5,022 individuals were included, with a median 
age being 58 years (IQR: 53,65). Among them, 1,692 
individuals (33.7%) experienced rapid decline in kidney 
function (see Table  1). Compared to the group without 
rapid renal function decline (n = 3,330), the group with 
rapid renal function decline (n = 1,692) had significantly 
lower body weight, BMI, blood urea nitrogen, creatinine, 
glucose, total cholesterol, triglycerides, low-density lipo-
protein, uric acid, hemoglobin, and hematocrit, while 
showing significantly higher baseline eGFR, ΔeGFR, and 
mean red blood cell volume, as well as a higher preva-
lence of diabetes (P<0.05).

Model evaluation
Our study evaluated the ability of four machine learning 
techniques to predict the risk of renal function deterio-
ration. The models assessed include Gradient Boosting, 
XGBoost, random forest, and adaptive boosting. Their 
performance was comprehensively evaluated based on 
accuracy, AUC values, sensitivity, specificity, positive 
predictive value, negative predictive value, precision, 

recall, and F1 score. On the training set, the AUC value of 
the Gradient Boosting Model.

reached as high as 0.8, significantly higher than that of 
the random forest (0.741), XGBoost (0.793), and Ada-
Boost (0.747) models, indicating its strong capability in 
distinguishing between rapid and non-rapid declines in 
renal function (See Table 2). Its accuracy was 0.736, with 
an F1 score of 0.64, leading among all models, suggesting 
that the model can effectively balance precise identifica-
tion and comprehensive recall, neither missing positive 
cases nor making false positives. On the test set, the 
AUC value of Gradient Boosting Model was 0.765, only 
slightly lower than that of XGBoost model 0.762, but bet-
ter than that of XGBoost model in accuracy (0.728) and 
F1 score (0.621) (accuracy 0.716, F1 score 0.613). This 
demonstrates that the Gradient Boosting Model not only 
fits well during training but also maintains good general-
ization performance when faced with new data, ensuring 
high reliability in prediction results. Compared with the 
performance of the combined training set and test set, 
the Gradient Boosting Model outperformed other mod-
els or was more advantageous than the XGBoost model 
with similar performance on several key indicators, 
making it a better choice for evaluating the risk of rapid 
decline in kidney function. The ROC curve (see Fig.  4) 
shows that among the models evaluated, the ROC curve 
of the Gradient Boosting model is notably closer to the 
upper left corner. Its AUC value is 0.765, which is higher 
than that of Random Forest (0.739), AdaBoost (0.758), 
and slightly exceeds that of XGBoost (0.762), clearly 
demonstrating its superior performance in distinguishing 
between positive and negative samples exhibiting rapidly 
declining renal function. The confusion matrix and deci-
sion curve analysis (Supplementary Fig S7 and S8) fur-
ther corroborate the advantages of the Gradient Boosting 
model regarding classification accuracy and net clinical 
benefit, indicating that this model possesses good speci-
ficity and high sensitivity, thereby making it highly valu-
able for early clinical diagnosis and risk assessment.

Analysis of feature importance and model interpretability
Among the 16 important features identified by the Gradi-
ent Boosting Model, eGFR is the most critical predictive 
factor, because eGFR itself is a key indicator to measure 
renal function (see Fig. 5a). Furthermore, the features are 
ranked in order of importance as follows: age, hemoglo-
bin (Hb), blood glucose, systolic blood pressure (SBP), 
UA, and BUN. Figure  5b illustrates the impact of vari-
ous features on the rapid decline in kidney function as 
identified by the Gradient Boosting Model. The results 
indicate that eGFR, age, SBP, and mean corpuscular vol-
ume (MCV) possess high SHAP values, positively corre-
lating with the rapid decline in kidney function (higher 
feature values correspond to greater risk). Conversely, 
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Variables Total (n = 5022) No-Rapid Renal
Function Decline
(n = 3330)

Rapid Renal
Function Decline
(n = 1692)

P

Age, M (Q₁, Q₃) 58.00 (53.00, 65.00) 58.00 (52.00, 64.00) 59.00 (53.00, 66.00) 0.095
Hight, M (Q₁, Q₃) 1.58 (1.52, 1.64) 1.58 (1.52, 1.64) 1.58 (1.52, 1.63) 0.063
Weight, M (Q₁, Q₃) 58.20 (51.50, 65.90) 58.65 (51.80, 66.30) 57.20 (50.80, 65.10) < 0.001
BMI, M (Q₁, Q₃) 23.19 (20.97, 25.82) 23.31 (21.07, 25.98) 22.95 (20.73, 25.44) < 0.001
SBP, M (Q₁, Q₃) 126.00 (113.50, 141.50) 126.00 (114.00, 141.00) 125.25 (112.50, 142.00) 0.562
DBP, M (Q₁, Q₃) 74.00 (66.50, 82.50) 74.50 (67.00, 83.00) 74.00 (66.00, 82.50) 0.096
P, M (Q₁, Q₃) 71.00 (65.00, 78.00) 71.00 (65.00, 78.00) 71.50 (65.00, 78.12) 0.694
WBC, M (Q₁, Q₃) 5.97 (4.90, 7.20) 5.96 (4.95, 7.30) 5.99 (4.90, 7.20) 0.662
MCV, M (Q₁, Q₃) 91.10 (86.70, 95.30) 91.00 (86.70, 95.00) 91.60 (86.70, 95.80) 0.019
Plt, M (Q₁, Q₃) 207.00 (162.00, 255.00) 207.00 (162.00, 254.00) 209.00 (162.00, 256.00) 0.317
BUN, M (Q₁, Q₃) 15.14 (12.58, 18.23) 15.27 (12.81, 18.43) 14.79 (12.27, 17.79) < 0.001
Glucose, M (Q₁, Q₃) 102.24 (94.14, 112.32) 102.78 (94.50, 113.58) 100.80 (93.60, 110.52) < 0.001
TC, M (Q₁, Q₃) 190.59 (167.01, 214.95) 192.53 (168.56, 216.40) 186.34 (164.21, 211.86) < 0.001
TG, M (Q₁, Q₃) 105.32 (74.34, 154.88) 108.41 (76.11, 160.18) 100.00 (72.57, 144.26) < 0.001
HDL, M (Q₁, Q₃) 49.10 (40.59, 59.54) 49.10 (40.21, 59.54) 49.48 (40.98, 59.92) 0.137
LDL, M (Q₁, Q₃) 113.66 (92.78, 136.47) 114.82 (93.94, 137.24) 111.73 (90.46, 133.09) < 0.001
CRP, M (Q₁, Q₃) 0.98 (0.54, 2.05) 0.97 (0.55, 2.01) 1.04 (0.52, 2.09) 0.720
HbA1c, M (Q₁, Q₃) 5.10 (4.90, 5.40) 5.10 (4.90, 5.40) 5.10 (4.90, 5.40) < 0.001
UA, M (Q₁, Q₃) 4.24 (3.54, 5.08) 4.35 (3.65, 5.21) 4.05 (3.36, 4.87) < 0.001
PCV, M (Q₁, Q₃) 41.70 (38.00, 45.20) 41.80 (38.20, 45.30) 41.30 (37.68, 45.00) 0.004
Hb, M (Q₁, Q₃) 14.20 (13.00, 15.50) 14.30 (13.10, 15.60) 13.90 (12.80, 15.10) < 0.001
Cr, M (Q₁, Q₃) 0.75 (0.64, 0.87) 0.78 (0.69, 0.90) 0.68 (0.58, 0.78) < 0.001
eGFR, M (Q₁, Q₃) 106.09 (91.36, 123.47) 100.71 (87.87, 114.80) 121.61 (103.45, 141.25) < 0.001
eGFR1, M (Q₁, Q₃) 102.51 (87.11, 118.21) 106.37 (92.23, 122.12) 94.39 (77.81, 109.39) < 0.001
ΔeGFR, M (Q₁, Q₃) 4.21 (-7.91, 17.18) -3.64 (-13.22, 4.14) 23.57 (16.93, 39.46) < 0.001
Gender, n(%) 0.916
  Female 2669 (53.15) 1768 (53.09) 901 (53.25)
  Male 2353 (46.85) 1562 (46.91) 791 (46.75)
Marital status, n(%) 0.950
  Married 559 (11.13) 370 (11.11) 189 (11.17)
  Unmarried 4463 (88.87) 2960 (88.89) 1503 (88.83)
Education level, n(%) 0.244
  Illiterate 1441 (28.69) 955 (28.68) 486 (28.72)
  Primary School 2174 (43.29) 1460 (43.84) 714 (42.20)
  Junior High School 974 (19.39) 625 (18.77) 349 (20.63)
  Senior High School 308 (6.13) 199 (5.98) 109 (6.44)
  College and Above 125 (2.49) 91 (2.73) 34 (2.01)
Smoke, n(%) 0.739
  Yes 1990 (39.63) 1325 (39.79) 665 (39.30)
  No 3032 (60.37) 2005 (60.21) 1027 (60.70)
Drink, n(%) 0.451
  Never 1261 (25.11) 829 (24.89) 432 (25.53)
  Occasionally 395 (7.87) 273 (8.20) 122 (7.21)
  Frequently 3366 (67.03) 2228 (66.91) 1138 (67.26)
Sleep, n(%) 0.066
  Good 2453 (48.85) 1637 (49.16) 816 (48.23)
  Fair 818 (16.29) 563 (16.91) 255 (15.07)
  Severe 771 (15.35) 483 (14.50) 288 (17.02)
  Poor 980 (19.51) 647 (19.43) 333 (19.68)
Hypertension, n(%) 0.094
  No 3681 (73.30) 2416 (72.55) 1265 (74.76)
  Yes 1341 (26.70) 914 (27.45) 427 (25.24)

Table 1  Baseline characteristics of participants before imputation
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the SHAP values of Hb and other features are negative 
and relatively large in absolute value, negatively corre-
lating with the rapid decline in kidney function (higher 
feature values correspond to lower risk). The SHAP val-
ues of the remaining features are close to zero, indicat-
ing no significant impact. Supplementary Fig S9 and S10 
offer an in-depth perspective on model interpretability at 
the individual sample level. Although the feature influ-
ence pattern for the 150th sample differs from the overall 
trend, these figures aid in understanding the mechanism 
of features for specific individuals by displaying the 
SHAP values and contributions of each feature to the 
model output.

The ability of the model to stratify the risk of individual 
patients
To assess the model’s capacity to stratify individual risks, 
this study randomly selected four cases (Case 150: a 
47-year-old female; Case 1249: a 54-year-old male; Case 
1250: a 56-year-old female; Case 1375: a 71-year-old 
female) and visualized their decision-making processes 
using a waterfall chart and force plot (see Supplementary 
Fig S9 and S10). As shown in supplementary Fig S9, the 
baseline SHAP value was 0.277, and patients with a base-
line value were more likely to experience rapid decline 
in renal function (e.g., f (x) = 0.28 at Case 1250 and f 
(x) = 0.578 at Case 1375). The SHAP value reflects the 
predictive characteristics of each patient and their influ-
ence on the prediction of rapid renal function decline. 
Specifically, in Case 1249 (a 54-year-old male with hyper-
tension), the negative contributions of baseline eGFR 

(103.4  ml/min/1.73  m², SHAP = − 0.03), Hb (17.8  g/dL, 
SHAP = − 0.03), glucose (117.5  mg/dL, SHAP = − 0.02), 
and SBP (126 mmHg, SHAP = − 0.01) (blue) resulted 
in a predicted value (f(x) = 0.164) that was lower than 
the baseline, demonstrating the model’s capacity to bal-
ance traditional risk factors and protective indicators 
to avoid overestimating risk. In contrast, in Case 1375 
(a 71-year-old female with multiple comorbidities), the 
baseline eGFR (113.4  ml/min/1.73  m², SHAP = + 0.09), 
advanced age (71 years, SHAP = + 0.09), UA (6.76 mg/dL, 
SHAP = + 0.06), Hb (13.6 g/dL, SHAP = + 0.06), and SBP) 
(157 mmHg, SHAP = + 0.05) (red) significantly increased 
the risk, illustrating how the model identifies high-risk 
patients by integrating multiple adverse factors. In Sup-
plementary Fig S10, bold numbers represent probability 
predictions (f(x)), while the base values indicate predic-
tions when the model receives no input. The value of f(x) 
represents the log odds ratio of the observed outcome. 
The red features on the left indicate an increased risk of 
rapid decline in renal function, whereas the blue features 
indicate a reduced risk; the longer the arrow, the greater 
the impact.

Regression analysis based on ΔeGFR
In this study, several regression analysis was Conducted 
to explore the factors related to ΔeGFR. Univariate lin-
ear regression analysis revealed significant correlations 
between ΔeGFR and several factors, including body 
weight, diastolic blood pressure (DBP), hematocrit, Hb, 
Cr, BUN, glucose, glycated hemoglobin (HbA1c), UA, 
and eGFR (P < 0.05; see Supplementary Table S5). Further 

Variables Total (n = 5022) No-Rapid Renal
Function Decline
(n = 3330)

Rapid Renal
Function Decline
(n = 1692)

P

Diabetes, n(%) 0.014
  No 4711 (93.81) 3104 (93.21) 1607 (94.98)
  Yes 311 (6.19) 226 (6.79) 85 (5.02)
Hyperlipidemia, n(%) 0.500
  No 4512 (89.84) 2985 (89.64) 1527 (90.25)
  Yes 510 (10.16) 345 (10.36) 165 (9.75)
Kindey Diease, n(%) 0.990
  No 4716 (93.91) 3127 (93.90) 1589 (93.91)
  Yes 306 (6.09) 203 (6.10) 103 (6.09)
Heart Disease, n(%) 0.219
  No 4400 (87.61) 2904 (87.21) 1496 (88.42)
  Yes 622 (12.39) 426 (12.79) 196 (11.58)
Stroke, n(%) 0.745
  No 4911 (97.79) 3258 (97.84) 1653 (97.70)
  Yes 111 (2.21) 72 (2.16) 39 (2.30)
M: Median, Q₁: 1st Quartile, Q₃: 3st Quartile

Abbreviations: BMI, Body Mass Index; SBP, Systolic Blood Pressure; DBP, Diastolic Blood Pressure; BUN, Blood Urea Nitrogen; Cr, Creatinine; eGFR, Estimated 
Glomerular Filtration Rate at baseline; TC, Total Cholesterol; TG, Triglycerides; HDL, High-Density Lipoprotein; LDL, Low-Density Lipoprotein; CRP, C-reactive Protein; 
HbA1c, Hemoglobin A1c; UA, Uric Acid; PCV(Hct), Packed Cell Volume (Hematocrit); Hb, Hemoglobin; eGFR1, Estimated Glomerular Filtration Rate at endpoint; 
ΔeGFR, Change in Estimated Glomerular Filtration Rate (eGFR- eGFR1)

Table 1  (continued) 
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multivariate linear regression analysis indicated that 
body weight, glucose, UA, Hb, Cr, and baseline eGFR 
were independently associated with ΔeGFR (P < 0.05; see 
Table 3). Notably, body weight was negatively correlated 
with ΔeGFR, whereas uric acid, creatinine, and baseline 
eGFR exhibited positive correlations with ΔeGFR. Vari-
ables such as blood urea nitrogen and glycated hemoglo-
bin demonstrated no significant association with ΔeGFR 
in the multivariate model (P > 0.05). This study, through 
rigorous regression analysis, identified key factors influ-
encing ΔeGFR, thereby providing a quantitative basis for 
investigating the mechanisms underlying renal function 
decline.

Analysis of ΔeGFR distribution based on model prediction 
grouping
To further investigate the relationship between the 
machine learning model-predicted “rapid kidney func-
tion decline” group and ΔeGFR, we plotted box plots 
and conducted the Mann-Whitney U test. In the box plot 
(see Supplementary Fig S11), the median ΔeGFR of the 
“rapid kidney function decline” group was significantly 
higher than that of the “no rapid kidney function decline” 
group, suggesting that ΔeGFR changes were more pro-
nounced in the predicted rapid kidney function decline 
group. Furthermore, the Mann-Whitney U test results 
(see supplementary Table S6 and S7) showed P = 0.000, 
indicating a highly significant difference in the distribu-
tion of ΔeGFR between the different “rapid kidney func-
tion decline” groups (P < 0.001). This result supports the 
effectiveness of the model classification in reflecting real 
changes in kidney function decline.
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Fig. 4  Comparison of ROC Curves and AUC Metrics for RandomForest, 
XGBoost, GradientBoosting, and AdaBoost Models
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Discussion
Our research utilized dataset from the CHARLS gath-
ered from 2011 to 2015, employing advanced machine 
learning techniques, particularly Gradient Boosting algo-
rithms, to predict the likelihood of rapid decline in kidney 
function among middle-aged and elderly populations. 
Feature selection was performed via lasso regression 
analysis to identify key variables significantly influenc-
ing kidney function decline prediction. Based on these 
variables, we trained and validated four machine learn-
ing models-gradient-boosted trees, XGBoost, random 
forest, and AdaBoost. We optimized model hyperparam-
eters using five-fold cross-validation and grid search to 
enhance predictive accuracy. The results showed that the 
gradient-boosted trees model performed reliably in both 
training and test sets, achieving an AUC of 0.8 in the 
training set and 0.765 in the test set. The model identi-
fied 16 predictors, ranked by importance: eGFR, age, Hb, 

glucose, SBP, UA. To further investigate the associations 
between variables and rapid kidney function decline, we 
analyzed ΔeGFR as a continuous outcome. Multivariate 
linear regression analysis showed significant associations 
between factors such as body weight, blood glucose, uric 
acid, hemoglobin, creatinine, eGFR, and cardiovascular 
disease with changes in eGFR. Notably, blood glucose, 
uric acid, hemoglobin, and eGFR were also identified as 
important features in the machine learning model, which 
enhanced the reliability of the research findings to some 
extent.

From the perspective of predictive performance, the 
Gradient Boosting model demonstrated the best perfor-
mance, attaining an AUC value of 0.8 on the training set 
and 0.765 on the test set, with accuracy rates of 0.736 and 
0.728 for the train and test sets, respectively. In contrast, 
Lee et al.‘s XGBoost model [26], developed in a diabetic 
CKD population, reported a higher test set AUC (0.826). 
This discrepancy may stem from differences in study 
population and outcome definition: our study included a 
broader middle-aged and elderly cohort (encompassing 
non-diabetic and non-CKD individuals), whereas Lee et 
al. focused on a high-risk subgroup of diabetic nephropa-
thy (event rate: 13.1%), which exhibits greater population 
homogeneity. Additionally, their threshold for defining 
‘rapid decline’ was stricter (≥ 5 mL/min/1.73  m²annual 
eGFR decrease vs ≥ 3mL/min/1.73  m²in this study). 
Despite the marginally lower AUC, our model demon-
strates broader generalizability and can serve as an early 
screening tool for undiagnosed diabetes or CKD popula-
tions, whereas Lee’s model is better suited for fine strati-
fication of high-risk patients. As a typical representative 
of ensemble learning, the gradient boosting model can 
effectively identify key features and automatically capture 

Table 3  The results of multivariate linear regression analysis of 
each variable and ΔeGFR
Variables β S.E t P β (95%CI)
Intercept -87.48 4.79 -18.28 < 0.001 -87.48 (-96.86 ~ -78.10)
Weight -0.10 0.03 -3.18 0.001 -0.10 (-0.16 ~ -0.04)
BUN 0.11 0.07 1.50 0.135 0.11 (-0.03 ~ 0.26)
Glucose -0.03 0.01 -2.80 0.005 -0.03 (-0.06 ~ -0.01)
HbA1c -0.89 0.52 -1.71 0.087 -0.89 (-1.90 ~ 0.13)
UA 1.19 0.30 3.92 < 0.001 1.19 (0.60 ~ 1.79)
Hb -1.11 0.15 -7.61 < 0.001 -1.11 (-1.39 ~ -0.82)
Cr 43.97 3.26 13.48 < 0.001 43.97 (37.58 ~ 50.37)
eGFR 0.76 0.02 40.51 < 0.001 0.76 (0.72 ~ 0.79)
Heart Disease
  No 0.00 (Ref )
  Yes 1.45 0.94 1.55 0.122 1.45 (-0.39 ~ 3.29)
CI: Confidence Interval

Fig. 5  (a): Feature importance ranking by the Gradient Boosting Classifier model; (b): SHAP value distribution plot for features in the Gradient Boosting 
Classifier model
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complex nonlinear interactions [38]. Through regulariza-
tion techniques and appropriate parameter tuning, over-
fitting was mitigated [39]. This study further employed 
SHAP value analysis to quantify the contribution of each 
feature. Specifically, baseline GFR, age, SBP, MCV, UA, 
BUN, and stroke were significantly positively associated 
with the risk of rapid kidney function deterioration. Con-
versely, higher Hb and glucose levels were significantly 
associated with a reduced risk of rapid decline (Fig. 5b). 
Supplementary Fig S9 and S10 illustrate individual-level 
SHAP value distributions, which highlight the heteroge-
neity of feature effects and suggest that clinical decisions 
should consider both population patterns and individual 
differences. Lee et al. similarly applied SHAP analysis 
but extended this by quantifying intervention thresh-
olds such as SBP > 120 mmHg and HbA1c > 6.5% through 
individual conditional expectation (ICE) plots and copula 
simulation techniques, providing more specific targets 
for clinical action.

eGFR is a key indicator for assessing kidney function 
and is strongly associated with its decline. The prognos-
tic significance of age and SBP has been widely validated 
across diverse populations. Studies have shown that 
eGFR in healthy adults exhibits a steady downward trend 
with increasing age, averaging 0.75–1.0 mL/min/1.73 m² 
per year, consistent with physiological renal aging in 
healthy individuals [40]. Additionally, the impact of ele-
vated SBP on kidney function is particularly pronounced 
in elderly patients with isolated hypertension [41], a 
finding corroborated in Lee et al.‘s diabetic nephropathy 
cohort. Notably, the synergistic effect of smoking and 
SBP on renal vasculature may exacerbate kidney function 
deterioration [42], underscoring the importance of blood 
pressure management and lifestyle interventions in older 
populations. Beyond age and SBP, multiple studies have 
demonstrated predictive utility for metabolic markers 
such as glucose, Hb, and serum uric acid (SUA ≥ 6.0 mg/
dL) [43, 44], which is consistent with the findings of this 
study. Furthermore, BUN, a product of nitrogen metabo-
lism, is independently associated with adverse renal out-
comes irrespective of eGFR [45], further justifying the 
inclusion of multidimensional biomarkers in risk assess-
ment frameworks. The consistent identification of these 
factors across diverse study designs provides a robust 
theoretical foundation for developing cross-population 
predictive models [46–49].

The innovations of this study are reflected in the fol-
lowing aspects: First, it applies machine learning meth-
ods to predict the rapid decline in kidney function among 
middle-aged and elderly individuals in China. In com-
parison to traditional statistical methods, this technology 
efficiently processes multi-dimensional data, including 
age, metabolic indicators, and blood parameters, thereby 
accurately capturing the nonlinear and complex 

relationships between variables [50]. Second, the study 
explores the treatment of dynamic changes in kidney 
function, ΔeGFR, as continuous variables, employing lin-
ear regression models for quantitative analysis to accu-
rately quantify the specific impacts of factors such as 
body weight, blood glucose, and hemoglobin on changes 
in kidney function. Additionally, the study employs a 
comprehensive array of visualization tools, including his-
tograms, scatter plots, and box-and-whisker diagrams, to 
present data characteristics from multiple dimensions. 
Through visual analysis, the study clearly demonstrates 
the distribution patterns of key predictive factors, the 
ranking of variable importance, and differences in indica-
tors across varying kidney function states. This intuitive 
presentation facilitates researchers in identifying poten-
tial data patterns and provides clinicians with a clear ref-
erence for understanding complex risk factors, thereby 
aiding in the translation of research findings into practi-
cal evaluation tools.

This study and the research by Lee et al. [26]both uti-
lized single-cohort approaches (CHARLS versus the 
Korean Diabetic Nephropathy Specialist Cohort) to 
develop machine learning models, with rigorous cross-
validation employed to ensure internal validity. However, 
there are notable differences in the target populations 
and methodological designs. Our study included an 
unfiltered cohort of middle-aged and elderly individuals, 
encompassing both non-diabetic and non-chronic kidney 
disease subjects, with the primary aim of facilitating early 
screening at the community level. In contrast, Lee et al. 
focused on high-risk subgroups with diabetes duration 
of ≥ 5 years, targeting the precise prediction of end-stage 
kidney disease (ESKD) risk. Regarding outcome defini-
tion, we defined rapid renal function decline as an eGFR 
decrease of ≥ 3 mL/min/1.73  m² per year, emphasizing 
the identification of early intervention opportunities. Lee 
et al., however, combined short-term eGFR decline (≥ 5 
mL/min/1.73 m² per year) with long-term ESKD events 
and established a risk-outcome association through sur-
vival analysis (HR = 1.82, 95% CI 1.17–2.83). In terms of 
feature integration, both studies identified the core pre-
dictive roles of age, SBP, and metabolic indicators (such 
as blood glucose and uric acid), further confirming their 
importance across different populations. The differences 
lie in the fact that Lee et al. included specialized indica-
tors such as proteinuria and HbA1c, while our study 
covered basic blood parameters such as MCV and BUN, 
reflecting the characteristics of “general screening” and 
“specialized precision screening,” respectively. In sum-
mary, Lee et al. quantified intervention thresholds (e.g., 
a 39% risk increase when SBP > 120 mmHg) through 
time-dependent AUC (0.826) and individual conditional 
expectation plots. Their dynamic modeling strategy com-
plements the static prediction framework of this study 
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methodologically, collectively expanding the applica-
tion dimensions of machine learning in kidney function 
prediction.

This study has certain limitations. First, the data from 
2011 to 2015 have limited timeliness and cannot fully 
reflect recent health changes or emerging risk factors of 
the participants. Second, unmeasured confounding fac-
tors, such as medication use, may affect the accuracy 
of predictions. This is mainly due to the broad range of 
drug assessment categories in the CHARLS dataset (for 
example, whether traditional Chinese medicine, West-
ern medicine, or other methods are used for treating 
hypertension/diabetes), which fails to capture specific 
drug names, dosages, or whether there is nephrotoxic-
ity. Additionally, this study was only validated within the 
CHARLS dataset and not in different external popula-
tions, which may reduce the model’s general applicability.

Conclusion
This study developed a model to predict rapid decline 
in kidney function among middle-aged and elderly peo-
ple in China using the CHARLS dataset combined with 
advanced machine learning techniques. By identifying 
key risk factors, the model helps to identify high-risk 
individuals with rapidly declining kidney function early 
on. This allows for early personalized care interven-
tions to reduce the prevalence of chronic kidney disease 
and slow the deterioration of kidney function, thereby 
improving health and quality of life for middle-aged and 
elderly populations.
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