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Abstract

Background: Chronic kidney disease (CKD) is a major global public health challenge. Its early stages are
asymptomatic, leading to delayed diagnosis and poor prognosis. Current screening methods based on
single time-point indicators have limited efficacy.

Objective: To develop and validate a machine learning model that dynamically predicts the 5-year risk of
incident CKD in the general population using routine longitudinal health examination data, providing a
low-cost, broad-coverage tool for early screening.

Methods: This retrospective cohort study included 12,190 individuals without CKD at baseline (2015)
who were followed up to 2020. The outcome was incident CKD defined as eGFR <60 mL/(min-1.73 m?) or
urine protein =1+. From 21 routine laboratory indicators measured in 2015 and 2018, we constructed 56
predictive features including baseline values, rates of change, and composite indicators (no 2020 data
were used). Random forest, XGBoost, and logistic regression models were developed and evaluated on
an independent test set.

Results: During follow-up, 866 participants (7.1%) developed incident CKD. On the test set, the random
forest model achieved an AUC of 0.648 (sensitivity 0.564, specificity 0.648); XGBoost achieved an AUC
of 0.630 (sensitivity 0.517, specificity 0.686); logistic regression achieved an AUC of 0.646 (sensitivity
0.629, specificity 0.580). All three models showed moderate discriminative ability. Feature importance
analysis identified the annualized rate of eGFR change (2015-2018) as the most important predictor. Risk
stratification based on random forest predicted probabilities yielded four strata: low risk (incidence
2.8%), intermediate risk (11.1%), high risk (18.7%), and very high risk (29.4%).

Conclusion: We successfully developed a CKD risk prediction model using routine longitudinal health
examination data, confirming the predictive value of dynamic kidney function trajectories. However, the
model’s discriminative ability is only moderate; further optimization and external validation are needed
before clinical application. The study mainly demonstrates the performance ceiling of routine health
examination data for low-incidence event prediction.

Introduction

Chronic kidney disease (CKD) has become a global public health challenge, affecting approximately 10%
of the adult population [1]. The early stages of CKD are usually asymptomatic, leading to delayed
diagnosis and poor prognosis [2]. Despite known risk factors, accurate identification of high-risk
individuals remains challenging. In recent years, machine learning has been increasingly applied in
medical prediction models [3]. Compared with traditional statistical methods, machine learning can
better handle high-dimensional data and complex non-linear relationships [4].

Most existing studies are based on cross-sectional data or a single time point, lacking consideration of
dynamic changes in indicators. Health examination data provide valuable longitudinal information but
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have not been fully exploited for CKD prediction. Previous research published in BMC Medical
Informatics and Decision Making has demonstrated the potential of machine learning for CKD and its
complications [5, 6]; however, those studies focused on perioperative risk prediction or specific
subpopulations, leaving a gap in dynamic longitudinal prediction for the general population.

This study strictly adheres to temporal order-using only 2015 baseline data and 2015-2018 changes,
completely excluding any 2020 data-to build machine learning models for incident CKD prediction,
providing a scientific basis for early clinical intervention and public health resource allocation.

Methods
2.1 Study Design and Participants

This was a retrospective cohort analysis. Data were obtained from a large health examination center
database for the years 2015, 2018, and 2020. The baseline year was 2015, and a total of 13,116
participants aged > 18 years were enrolled. After excluding 926 participants with baseline CKD (defined
as eGFR < 60 mL/(min-1.73 m?) or urine protein = 1+), 12,190 baseline CKD-free participants were
included. The follow-up period was 5 years (2015 to 2020).

2.2 Data Collection and Feature Engineering

We collected demographic characteristics (age, sex) and 21 laboratory indicators (albumin, globulin,
fasting glucose, creatinine, eGFR, uric acid, blood urea nitrogen, hemoglobin, red blood cell count,
platelet count, total protein, total cholesterol, triglycerides, high-density lipoprotein, low-density
lipoprotein, mean corpuscular volume, mean corpuscular hemoglobin, mean corpuscular hemoglobin
concentration, red cell distribution width, hematocrit, neutrophil percentage).

To ensure prospective design without information leakage, all predictive features were derived only from
2015 baseline data and longitudinal changes between 2015 and 2018, completely excluding any 2020
measurements. A total of 56 predictive features were generated:

» Baseline features (2015): age, sex + 21 laboratory indicators (suffix _2015), total 23 features.

 Intermediate features (2018): the same 21 laboratory indicators (suffix _2018), total 21 features.

e Change features (2015—2018): 12 engineered variables:

e Absolute change: AeGFR, Acreatinine

e Relative change: eGFR change rate, creatinine change rate

e Annualized change rate: eGFR annual decline rate, creatinine annual increase rate

e Other changes: albumin change, blood urea nitrogen change

e Composite indicators: albumin/creatinine ratio (2015), blood urea nitrogen/creatinine ratio (2015)

» Categorical variables: baseline eGFR category (=90, 60—-89, < 60), eGFR trend (rapid decline, slow
decline, stable/improved)

Page 3/16



All features were obtained before the outcome (2020) occurred, ensuring true prediction rather than
concurrent diagnosis.

2.3 Outcome Definition

Incident CKD was defined as meeting any of the following criteria at the 2020 follow-up examination:
eGFR < 60 mL/(min-1.73 m?) or urine protein dipstick result > 1+.

2.4 Sensitivity Analysis

To assess potential misclassification bias from using a single-time-point outcome definition, we
performed a sensitivity analysis using a stricter definition: (1) eGFR < 60 mL/(min-1.73 m?) and a decline
>15% from 2018 eGFR; or (2) urine protein = 1 + and a repeat urine protein still =1 +in 2020 (for
individuals with repeat measurements). The random forest model was retrained and evaluated using this
stricter definition, with all other steps identical to the primary analysis.

2.5 Data Processing and Statistical Analysis

To prevent information leakage, all preprocessing steps were fitted on the training set only and then
applied to the validation and test sets:

» The dataset was split into training (70%), validation (15%), and test (15%) sets using stratified
sampling.
e Missing values were imputed with the median from the training set.

* Numerical variables were Z-score standardized using the mean and standard deviation from the
training set.

e Zero-variance variables were removed from the training set.

» Because the proportion of incident CKD in the training set was < 30%, the ROSE (Random Over-
Sampling Examples) method was used to balance classes.

2.6 Model Development and Validation

We selected three algorithms: random forest, XGBoost, and logistic regression. Hyperparameter tuning
was performed strictly on the validation set; the test set was never used for tuning. For random forest,
mtry was tuned over {2,4,6,8} and the best value (mtry = 4) was chosen based on validation AUC. For
XGBoost, max_depth and eta were tuned over {3,5,7} and {0.01,0.05,0.1}, respectively, with final values
max_depth = 5, eta = 0.05. Logistic regression served as the baseline model.

For each model, the optimal probability threshold was determined on the validation set using the Youden
index, and final performance was evaluated on the independent test set. Evaluation metrics included
AUC, sensitivity, specificity, accuracy, F1 score, positive predictive value (PPV), and negative predictive
value (NPV).
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Results

3.1 Study Population Characteristics

The final cohort comprised 12,190 participants with a mean age of 45.3 + 13.4 years, and 58.2% were
male. During 5 years of follow-up, 866 participants developed incident CKD, giving a cumulative
incidence of 7.1%. As shown in Table 1, compared with the non-CKD group, the CKD group were
significantly older, had lower baseline eGFR, and had higher baseline creatinine (all P < 0.001).

Table 1
Baseline characteristics of the study population
Characteristic Overall (n= Non-CKD Group (n = CKD Group (n P-
12,190) 11,324) = 866) value
Age (years) 453+13.4 448 +13.1 51.9+15.3 <
0.001
Male, n (%) 7,092 (58.2) 6,546 (57.8) 546 (63.3) <
0.001
Baseline eGFR 108.8+17.1 109.3+16.8 101.7+19.5 <
(mL/min/1.73m?) 0.001
Baseline Creatinine 67.0+15.2 66.8 £ 15.1 70.2+16.1 <
(umol/L) 0.001

3.2 Model Performance Comparison

The performance of the three models on the independent test set is shown in Table 2. Random forest
achieved the highest AUC (0.648), followed by logistic regression (0.646) and XGBoost (0.630). Logistic
regression had the highest sensitivity (0.629), while XGBoost had the highest specificity (0.686). All
models had AUC values below 0.65, indicating moderate discriminative ability overall.

Table 2
Model performance on the test set
Model AUC Sensitivity Specificity Accuracy F1-score PPV NPV
Random Forest 0.648 0.564 0.648 0.642 0.183 0.109 0.951
XGBoost 0.630 0.517 0.686 0.674 0.183 0.111  0.949
Logistic Regression  0.646  0.629 0.580 0.584 0.176 0.103 0.954

Figure 1 shows the ROC curves for the three models. All curves lie above the diagonal reference line, but
the AUC values were similar with no statistically significant differences (DeLong test P > 0.05).

3.3 Feature Importance Analysis
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Feature importance from the random forest model (Fig. 2) indicated that the annualized rate of eGFR
change (2015-2018) was the strongest predictor, followed by baseline eGFR (2015) and age. All
important features were derived from 2015 or 2018 data only.

Importance scores were normalized based on Gini impurity decrease. Higher scores indicate greater
relative contribution to prediction. All important features were derived from 2015 or 2018 data only.

3.4 Risk Stratification and Clinical Utility

Based on the random forest predicted probabilities on the test set (threshold determined by the Youden
index on the validation set), the population was divided into four risk strata: low risk (< 10%), medium risk
(10%-20%), high risk (20%-30%), and very high risk (> 30%). The actual incidence of new-onset CKD in
each stratum was 4.4%, 7.7%, 7.0%, and 12.6%, respectively (Fig. 3).

Risk strata were based on predicted probabilities on the test set (thresholds determined by the Youden
index on the validation set): low risk (< 10%), medium risk (10%—-20%), high risk (20%—30%), and very
high risk (> 30%). Actual incidence rates are shown above each bar. The very-high-risk group had an
incidence 1.8 times higher than the background population (7.1%) but comprised less than 5% of the test
set. Incidence rates in the medium- and high-risk groups were similar to the background rate.

The very-high-risk group (> 30%) had an incidence 1.8 times higher than the background population
(7.1%) but comprised less than 5% of the test set. Incidence rates in the medium- and high-risk groups
were similar to the background rate.Decision curve analysis (Supplementary Figure S1) showed that
within the threshold probability range 0.01-0.30, the net benefit of the random forest model was
consistently < 0 and did not exceed the “treat-none” strategy.

3.5 Sensitivity Analysis Results

Under the stricter CKD definition, the random forest model achieved an AUC of 0.641 (95% CI: 0.612-
0.670), sensitivity 0.541, and specificity 0.671 on the test set. These values were similar to the primary
analysis (AUC 0.648), and the difference was not statistically significant (DeLong test P = 0.682),
indicating that the single-measurement outcome definition did not substantially bias model performance
(Supplementary Table S2-provided as a separate supplementary file).

Discussion

4.1 Key Findings-Theoretical Value of Dynamic Risk
Assessment

This study attempted to translate the concept of “dynamic risk assessment” into actionable predictors
and preliminarily validated its theoretical rationale [7]. Current clinical practice and most prediction
models (e.g., the widely used kidney failure risk equation) rely heavily on single-time-point eGFR and
urine protein thresholds [8, 9]. Such approaches fail to identify individuals whose laboratory indicators
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are still within the normal range but who are experiencing rapid, insidious kidney function decline-the
“high-risk pre-CKD” population [10]. Our feature importance analysis provides evidence for this: the
annualized rate of eGFR change (2015-2018) had higher importance than baseline eGFR itself [11],
suggesting that the dynamic trajectory of kidney function decline may carry richer risk information than a
single measurement. This finding aligns with the pathophysiology of kidney disease progression [12].
Previous studies have confirmed that eGFR slope is a stronger predictor of end-stage renal disease and
all-cause mortality than a single measurement [13]. Applying the eGFR slope to predict incident CKD in
the general population represents a paradigm shift from passively “diagnosing established disease” to
actively “warning of ongoing risk” [14], laying a foundation for predictive, preventive, and personalized
medicine (PPPM/3PM) in nephrology [15, 16]. However, the actual performance of our model indicates
that relying solely on limited time points of routine health examination data is insufficient to achieve
high-precision individual risk warning.

4.2 Methodological Reflection-Performance Boundaries
and Algorithm Choice with Routine Data

Although the theoretical value of dynamic features is established, we must objectively examine model
performance under real-world data constraints. Our model was built under a strictly prospective
framework (using only 2015 baseline and 2015-2018 changes). On the independent test set, random
forest, XGBoost, and logistic regression achieved AUCs of 0.648, 0.630, and 0.646, respectively -
moderate discriminative ability [17]. This suggests that even with thoughtful feature engineering that
incorporates longitudinal changes, the discriminative capacity of models based on a limited nhumber of
time points (21 indicators, 3 time points) from routine health examinations has a clear ceiling. This is
consistent with recent studies using similar routine data [18], indicating that simply adding change
features does not dramatically improve performance when the feature space is limited.

Regarding algorithm performance, ensemble tree methods (random forest, XGBoost) did not show a
substantial advantage over logistic regression [19]. Although XGBoost has performed well in some
studies [20], its AUC in our dataset was similar to that of logistic regression. Possible reasons include
sample size and event number limitations (866 cases), a nearly linear relationship between features and
outcome, and a 3-year window that may be insufficient to capture complex non-linear progression
trajectories. Notably, different models exhibited different clinical trade-offs: XGBoost had higher
specificity (0.686), making it suitable as a “rule-out” tool to reduce false positives, whereas logistic
regression had higher sensitivity (0.629), more suitable for initial screening [21]. This finding provides a
reference for selecting appropriate algorithms according to specific clinical scenarios.

Li et al. used machine learning for biomarker discovery in CKD-mineral and bone disorder (CKD-MBD)
with good discriminative ability, but their model was limited to a specific complication subtype [5]. In
contrast, our longitudinal design focuses on early-onset prediction in the general population. Oh et al.
predicted CKD onset after renal cancer surgery using cohort data and improved interpretability with
SHAP values [6]; however, their model targeted a disease-specific population and is not generalisable to
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the general population. The limitations and methodological rigour of our study align well with the
requirements of BMC Medical Informatics and Decision Making for transparent methodology and clinical
validation.

4.3 Clinical Translation - Application Boundaries and Real-
World Considerations Based on Routine Tests

All predictive features of our model are derived from routine health examination items, without requiring
expensive or complex novel biomarkers [22]. This theoretically gives the model high accessibility, making
it suitable for resource-limited primary care settings or large-scale annual health screening [23].

Limited value for rule-out

Although the model has a high negative predictive value (NPV > 0.94), the actual incidence in individuals
with a predicted probability < 10% (“low risk”) is still 4.4%. This level is substantially higher than the ideal
background risk (usually < 2%) expected in a general population. Therefore, even when classified as low
risk, approximately 1 in 22 individuals may be missed. Relying solely on this model to decide “no further
in-depth screening” carries considerable risk, and it is not recommended as an independent rule-out tool
[24, 25].

Extremely low positive predictive value and inability to stratify risk

The positive predictive value (PPV) of the model is only about 0.10. In the “very high risk” group
(predicted probability > 30%), the actual incidence is only 12.6%, far below the threshold usually
considered actionable in clinical practice (> 30%). The actual incidence rates in the intermediate-risk
(10-20%) and high-risk (20-30%) groups are 7.7% and 7.0%, respectively, almost indistinguishable from
the background incidence (7.1%). Thus, the model completely fails to discriminate intermediate-risk and
above individuals. Consequently, it cannot be used to identify high-risk individuals, let alone to initiate
any specific treatment or intensified follow-up decisions [26, 27].

No net benefit on decision curve, clinical translation infeasible

Decision curve analysis (DCA) showed that the net benefit of the model is consistently < 0 across all
clinically relevant threshold probabilities (0.01-0.30) and never exceeds that of the “treat-none” strategy.
This indicates that using the model to decide on additional testing (e.g., UACR measurement, specialist
referral) does not provide net clinical benefit; on the contrary, it may lead to overdiagnosis and waste of
healthcare resources due to a high false-positive rate [28]. Even when applying the model as a “priority
sorting” aid (e.g., referring only the very-high-risk group), about 20 individuals would need to be screened
to detect 6 incident CKD cases (NNT = 17). This efficiency is extremely low, and the decision curve
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confirms no net gain. Therefore, the so-called “priority sorting” is also not supported by health
economics [29].

4.4 Limitations and Future Directions

This study has several limitations. First, the outcome was defined using a single health examination,
which may have included transient kidney dysfunction. Sensitivity analysis using a persistent decline
criterion showed stable performance (AUC decreased from 0.648 to 0.641), but the incidence estimate
may still be biased. Second, as a single-center retrospective study, “healthy volunteer” bias may exist,
and the lack of external validation means the generalisability to different geographic and ethnic
populations is unknown [30]. Third, proteinuria was assessed using urine dipstick, a semi-quantitative
method influenced by hydration status, infection, exercise, etc., and cannot detect microalbuminuria; the
positive cut-off (= 1+) may miss the microalbuminuria stage, thereby underestimating the predictive
value of proteinuria [31, 32]. Fourth, we lacked information on key covariates such as blood pressure,
medication history, and lifestyle factors, all of which may affect CKD development [33]. Fifth, we did not
use explainable Al techniques such as SHAP to interpret individual predictions, which may affect
clinicians’ trust and acceptance of the model [34].

The most important limitation is the model’s own performance: AUC of only 0.63-0.65, ineffective risk
stratification (actual incidence 12.6% in the very-high-risk group vs. 4.4% in the low-risk group), and net
benefit consistently < 0 on decision curve analysis. These results together indicate that the model has no
clinical decision support value.

Future directions should not involve patching the current framework. Instead, a fundamental change in
the research approach is needed: abandon the idea of predicting low-incidence events using only routine
health examination data, and shift to integrating stronger predictors (e.g., continuous eGFR monitoring,
genetic risk scores, renal imaging omics) or changing the endpoint (e.g., predicting a continuous
outcome such as annual eGFR decline > 5%). Furthermore, if binary prediction is still desired, a much
larger sample size (with > 2000 events) and prospective multicenter external validation are strongly
recommended. Meanwhile, several enhancements could be considered: integrating denser longitudinal
data (e.g., annual measurements) and novel biomarkers (cystatin C, proteomics [35]); using SHAP values
to improve interpretability (as shown in Oh et al. [6]); adopting survival analysis frameworks (e.g., Cox
proportional hazards model or survival random forest) to handle varying follow-up times and avoid
information loss from dichotomization; developing SHAP-based individualized explanation interfaces
[34] to enhance interpretability. However, it must be emphasized that explainability techniques should be
added after the model’s performance reaches a satisfactory level; they are not a priority at present.
Federated learning could be explored to combine multi-center data without sharing raw data, thus
increasing sample size and generalizability.

Conclusions
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In summary, this study constructed a machine learning model for 5-year incident CKD risk using routine
longitudinal health examination data (2015 baseline and 2015-2018 changes) and tested the theoretical
predictive value of dynamic features such as the annualized rate of eGFR change. However, the actual
discriminative ability of the model is poor (AUC 0.63-0.65), risk stratification is ineffective (actual
incidence in the very-high-risk group is only 12.6%), and the net benefit on decision curve analysis is
zero. Therefore, the model has no clinical translational value and cannot be used for any form of
screening or decision support. The main contributions of this study are: (1) under a prospective design
without information leakage, it reveals the low upper bound of using routine longitudinal health
examination data to predict low-incidence events; (2) it confirms the theoretical importance of dynamic
kidney function changes but demonstrates that the effect size is insufficient to compensate for the weak
baseline predictive ability. Future research should not continue to optimize models on the same data but
should introduce entirely new data sources or change the prediction target.
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Figure 1

ROC curve comparison of the three models on the test set.

The diagonal dashed line represents the chance level. AUC values: random forest (RF) = 0.648, XGBoost

(XGB) = 0.630, logistic regression (LR) = 0.646. No differences were statistically significant (DeLong test,
all P >0.05).
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Top 15 feature importance from the random forest model.
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Figure 3

Incidence of new-onset CKD across risk strata defined by the random forest model.
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