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Ensemble learning approaches for early
prediction of chronic kidney disease
based on polysomnographic phenotype
analysis
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This study presents an ensemble learning approach for automated screening and severity
classification of chronic kidney disease (CKD) using polysomnographic (PSG) phenotypes. We
analyzed PSG data from 358 subjects (179 CKD, 179 early-CKD) in the Cleveland Family Study using
four ensemble algorithms: RandomForest, XGBoost, LightGBM, andCatBoost. A total of 1210 sleep-
related variables were extracted, covering respiration, sleep stages, movement, and cardiovascular
features. Themodels achieved highmulticlass classification performance, with AUCs exceeding 89%
across CKD stages. Feature importance analysis revealed that disruptions in oxygen saturation, sleep
architecture, and heart rate variability were closely associated with CKD severity. These findings
highlight the potential of PSG-derived phenotypes combined with ensemble learning for early CKD
detection and risk stratification, supporting timely intervention and improved patient management.

Chronic kidney disease (CKD) is a progressive condition affecting
approximately 10% of the global population, with increasingmorbidity and
mortality rates1. CKD is characterized by a gradual decline in renal function,
typically assessed through estimated glomerular filtration rate (GFR) and
biomarkers such as serum creatinine and cystatin C levels. As the disease
advances, CKD can progress to end-stage kidney disease (ESKD), requiring
dialysis or kidney transplantation2. Comorbidities such as anemia, cardio-
vascular disease, andmetabolic dysfunction often accompany CKD, further
complicating disease management3. Early detection remains a significant
challenge, leading to late-stage diagnosis and limited treatment options.
Therefore, there is a critical need for non-invasive screening methods to
enable earlier diagnosis and timely interventions.

Emerging research highlights a strong correlation between sleep
disorders and CKD4. Conditions such as insomnia, obstructive sleep
apnea, and restless leg syndrome are not only risk factors for CKD onset
but also indicators of disease severity. Turek et al. 5 reported that sleep
disturbances contribute to CKD development and accelerate its pro-
gression. Nigam et al. 6 highlighted the high prevalence of sleep disorders

among CKD patients, mainly sleep apnea and insomnia, and their
association with poorer health outcomes. Similarly, Pierratos et al. 7

observed that sleep disturbances are common in patients with ESKD,
and their treatment can improve quality of life and reducemortality risk.
Studies suggest that sleep disorders contribute to CKD pathophysiology
through mechanisms such as hypoxia, inflammation, and autonomic
dysfunction8. Despite growing evidence, the potential of sleep-derived
biomarkers for CKD classification and screening remains
underexplored9.

Despite growing interest in the relationship between sleep disorders
and CKD outcomes, prior studies have been limited in both scope and
methodology.Muchof the existing researchhas relied on self-reported sleep
symptoms or single-channel data (e.g., pulse oximetry), which offer limited
physiological depth. Furthermore, few studies have utilized full poly-
somnography (PSG) datasets or employed advanced machine learning
techniques capable of capturing complex, high-dimensional phenotypic
patterns. Issues related to model interpretability and generalizability across
diverse populations have also been largely overlooked. These gaps highlight
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the need for a comprehensive and explainable AI framework leveraging
PSG-derived features for the classification of CKD severity.

Polysomnography (PSG) is a gold-standard diagnostic tool for evalu-
ating sleep disorders and capturing respiratory indices, sleep architecture,
and cardiovascular signals10. Although clinicians traditionally use PSG to
diagnose sleep-related breathing disorders, its ability to provide compre-
hensive physiological data offers an opportunity for non-invasive CKD
screening. Previous studies have linked PSG-derived features to cardio-
vascular risk, yet their potential role in CKD detection remains
underexplored11. Despite this, researchers have not yet fully investigated the
application of PSG for CKD screening. We hypothesize that PSG-derived
phenotypic data, when analyzed using machine learning models, can serve
as an effective screening tool for classifying CKD severity.

Recent advancements in machine learning (ML) provide powerful
tools for analyzing complexphysiological datasets. Ensemble learning (EL)12

is a robust ML approach that enhances predictive accuracy by combining
multiple base models13. It includes three primary methods: bagging14,
boosting15, and stacking16. Bagging techniques, Random forest (RF)17,
improve model stability by averaging predictions from multiple decision
trees. Boosting algorithms such as ExtremeGradient Boosting (XGBoost)18,
Light Gradient Boosting Machine (LightGBM)19, and Categorical Boosting
(CatBoost)20 iteratively refine predictions to enhance accuracy. These
algorithms have demonstrated strong performance inmedical applications,
particularly in handling heterogeneous biomedical data21.

Recent advancements in ML, few studies have developed compre-
hensive and interpretablemodels that utilize PSG-derived features for CKD
severity classification. We hypothesize that PSG-derived phenotypic fea-
tures encode clinically meaningful signals to address this gap. These signals
may support accurate, non-invasive classification of CKD stages and help
identify relevant sleep-related features when analyzed through ensemble
learning algorithms22. Accordingly, the objective of the present study is to
classify CKD severity based on sleep pattern features using an EL-based
framework incorporating models such as RF, XGBoost, LightGBM, and
CatBoost. This approach aims to enhance screening accuracy, facilitate
earlier detection of CKD, and support personalized interventions to slow
disease progression.

Results
Our findings revealed a statistically significant difference in gender dis-
tribution (p < 0.05), with a higher proportion of females in the CKD group
(66.5%) compared to the early-CKD group (51.4%) (Table 1). Tominimize
potential bias from this imbalance, propensity score matching was per-
formed based on sex, age, and BMI to ensure comparability between the
groups. Aftermatching, no statistically significant differenceswere observed
in other demographic and clinical variables, including age, BMI, sleep
efficiency, and total sleep time (p > 0.01).While the CKD group exhibited a
slightly higher apnea-hypopnea index (AHI) and heart rate than the early-
CKD group, these differences were not statistically significant (p > 0.01).
Similarly, systolic and diastolic blood pressure values showed no significant
variation between the groups. A higher proportion of CKD patients
exhibitedmoderate to severe sleep apnea (AHI ≥ 15 events/hour), although
the mean AHI did not differ significantly between groups (5.8 ± 13.7 vs.
4.1 ± 11.8, p = 0.200). Similarly, differences in sleep efficiency and total sleep
time between the CKD and early-CKD groups were not statistically sig-
nificant (p = 0.761 and p = 0.239, respectively). Notably, CPAP therapy was
more frequently prescribed among CKD groups, suggesting a greater clin-
ical burden of sleep-disordered breathing. These patterns align with our
model’s feature importance analysis, reinforcing the relevance of sleep
apnea-related markers in CKD severity classification. The prevalence of
diabetes was higher in the CKD group (27.9%) compared to the early-CKD
group (18.4%), but this difference did not reach statistical significance
(p > 0.01). Among laboratory markers, urinary creatinine levels were sig-
nificantly elevated in the early-CKD group (125.7 ± 67.4 mg/dL) compared
to the CKD group (100.2 ± 63.9 mg/dL, p < 0.001), indicating impaired
renal function. However, other metabolic parameters, including total

cholesterol, fasting glucose, high-density lipoprotein, and low-density
lipoprotein, showed no significant differences between the groups.

We utilized four ensemble learning algorithms to develop a robust
predictive model for CKD detection: RF (Supplementary Fig. 1), XGBoost
(Supplementary Fig. 2), LightGBM (Supplementary Fig. 3), and CatBoost
(Supplementary Fig. 4). The feature importance of the best-performing
model, XGBoost, is listed inTable 2, highlighting themost influential factors
in CKD classification.

Our analysis revealed that CKD patients exhibited a significantly
higher frequency of respiratory-related events, including apneas, hypop-
neas, and respiratory effort-related arousals (RERAs), often accompaniedby
oxygen desaturation. A notable proportion of CKD patients experienced
severe sleep apnea and frequently required continuous positive airway
pressure (CPAP) therapy during sleep. These findings emphasize the strong
link between sleep-disordered breathing andCKDprogression. Key lifestyle
and physiological parameters also played a critical role in model perfor-
mance. The most influential variables were time since the last cigarette,
apnea event durations, and PSG signal quality, all contributing significantly
to the model’s predictive accuracy. These insights reinforce the importance
of integrating sleep-related biomarkers into CKD risk assessment models
(Fig. 1).

Table 1 | Clinical characteristics of the study population

Measures Total Early-CKD CKD pvalue

Subjects (N) 358 (100.0) 179 (50.0) 179 (50.0)

Demographics

Gender 0.04

Female (0) 211 (58.9) 92 (51.4) 119 (66.5)

Male (1) 147 (41.1) 87 (48.6) 60 (33.5)

Age 52.0 ± 18.2 50.5 ± 16.8 53.5 ± 19.4 0.121

BMI (kg/m2) 35.1 ± 10.7 34.8 ± 10.4 35.5 ± 11.0 0.503

Apnea-Hypopnea Index
(per hour)

5.0 ± 12.8 4.1 ± 11.8 5.8 ± 13.7 0.200

Sleep efficiency (%) 74.1 ± 15.3 74.4 ± 15.5 73.9 ± 15.1 0.761

Total sleep time (min) 351.5 ± 81.3 356.6 ± 84.1 346.4 ± 78.3 0.239

Heart rate 69.8 ± 10.0 69.1 ± 10.0 70.5 ± 10.0 0.204

Systolic blood
pressure (mmHg)

126.6 ± 19.4 125.6 ± 19.3 127.6 ± 19.4 0.326

Diastolic blood
pressure (mmHg)

73.6 ± 10.7 73.5 ± 10.8 73.6 ± 10.5 0.958

Comorbid conditions

Diabetes 0.071

No (0) 275 (76.8) 146 (81.6) 129 (72.1)

Yes (1) 83 (23.2) 33 (18.4) 50 (27.9)

Laboratory data

Total cholesterol
(mg/dL)

166.1 ± 36.8 165.1 ± 37.3 167.2 ± 36.4 0.577

Fasting glucose (mg/dL) 105.8 ± 32.7 106.6 ± 34.7 105.0 ± 30.6 0.641

High-density
lipoprotein (mg/dL)

43.3 ± 12.8 43.9 ± 13.5 42.7 ± 12.0 0.348

Low-density lipoprotein
(mg/dL)

96.3 ± 35.1 94.9 ± 36.3 97.8 ± 33.9 0.436

Albuminuria (mg/g
creatinine)

4.6 ± 23.6 2.6 ± 17.4 6.6 ± 28.4 0.111

Creatinine urine (mg/dL) 113.0 ± 66.8 125.7 ± 67.4 100.2 ± 63.9 0.000

Fasting insulin (µIU/mL) 15.9 ± 15.6 15.2 ± 13.7 16.6 ± 17.3 0.414

Aspirin 0.706

No (0) 277 (77.4) 140 (78.2) 137 (76.5)

Yes (1) 81 (22.6) 39 (21.8) 42 (23.5)
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We compared the performance of the four ensemble learning
approaches across CKD severity classification with AUC values (Fig. 2). All
models demonstrated high AUC values exceeding 85%, with severe CKD
stages (stages 4–5) achieving AUC values above 89%, reinforcing strong
predictive accuracy. Among the evaluated models, XGBoost outperformed
the others, achieving an AUC of 0.95 for stage 2 CKD and near-perfect
classification for stages 3–5. In stage 1, XGBoost had a slightly lowerAUCof
0.77 but outperformed CatBoost and performed comparably to RF.

We employed ensemble learning models to examine underlying phe-
notypic associations within the PSG-derived dataset, followed by a com-
parative evaluation of algorithmically diverse classifiers— RF
(Supplementary Table 1), XGBoost (Supplementary Table 2), LightGBM
(Supplementary Table 3), and CatBoost (Supplementary Table 4). This
approach aims to enhance predictive performance by leveraging the
strengths of each model. Consistent with prior evidence in biomedical
classification, our findings (Table 3) demonstrate the effectiveness of
ensemble methods in accurately identifying CKD severity based on sleep
phenotypes.

We conducted external validation using an independent, large-scale
sleep dataset (HCHS/SOL) containing CKD severity stages and PSG-
derived phenotypic features to assess the generalizability of the proposed
approaches (Fig. 3). The external validation dataset (1,016 participants)
demonstrated ROC curve patterns and performance similar to those
observed in the original model developed for multiclass classification of
CKDstages 1 through 5.Notably, the validation results showednear-perfect
discriminative performance forCKDstages 3b, 4, and 5,withAUCvalues of
0.97, 0.98, and 1.00, respectively. Overall, the proposed model exhibited
strong predictive accuracy, particularly in identifying advancedCKD stages,
confirming its potential robustness and applicability across diverse clinical
settings.

Lastly, due to the imbalanced nature of the CKD severity dataset, we
have additionally provided the precision–recall curve (Supplementary Figs.
5, 6) and the area under the precision–recall curve (Supplementary Table 5,
6) as supplementary materials.

Discussion
This study presents an AI-driven approach for non-invasive CKD severity
classification using PSG-derived phenotypic data. Our findings support the
hypothesis that when analyzed usingMLmodels, PSG-derived features can
effectively classify CKD severity. Among the ensemble learning models
evaluated (RF, XGBoost, LightGBM, and CatBoost), RF demonstrated the
highest classification performance, achieving an average accuracyof 80%. In

addition, significant 15 features were found for CKD severity classification
based on PSG recordings. These results highlight the potential of nocturnal
sleep phenotypes as biomarkers for CKD progression, offering a promising
avenue for early detection and disease monitoring.

These findings support the initial hypothesis and emphasize the rele-
vance of PSG-derived features in the non-invasive classification of CKD
severity. An increasing body of evidence suggests a strong association
between sleep-disordered breathing and CKD progression8. Physiological
disturbances captured through PSG—such as recurrent nocturnal hypoxia,
elevated arousal frequency, and altered autonomic regulation, reflect sys-
temic stress responses that may contribute to renal dysfunction23. These
features not only serve as potential indicators of CKD severity but may also
play amechanistic role indiseaseprogression.Thus, leveragingPSG-derived
phenotypes presents a biologically grounded and non-invasive approach to
improve CKD staging and risk stratification.

Integrating EL-driven CKD screening into clinical workflows has
significant potential for improving early detection, risk assessment, and
personalized disease management24. Given that PSG is already widely used
in sleep medicine, leveraging ML models to analyze PSG-derived features
could enable CKD risk identification without requiring additional invasive
testing25. Primary care providers and nephrologists could utilize AI-
generated PSG risk scores as an early warning system, prompting further
renal function assessments, lifestyle modifications, or early interventions.
Early-stage CKD detection through nocturnal phenotypic patterns may
facilitate timely medical interventions, potentially slowing disease progres-
sion and reducing the risk of cardiovascular complications26.ML-basedPSG
analysis could be incorporated into wearable sleep monitors and telehealth
platforms, expanding access to CKD screening, particularly for individuals
who do not undergo routine kidney function tests. Moreover, multimodal
ML frameworks integratingPSG featureswith biochemicalmarkers, such as
serum creatinine, albuminuria, and cystatin C, could further enhance risk
prediction and patient stratification27. These applications underscore the
broader impact of PSG-derived ELmodels in chronic disease management,
bridging the gap between sleep medicine and nephrology.

Traditional CKD diagnosis relies on serum creatinine, estimated GFR
(eGFR), and albuminuria, which require blood and urine tests that may not
be performed regularly, especially in asymptomatic individuals28. Our AI-
based approach introduces a potentially more accessible, non-invasive
screening method by extracting relevant physiological features from PSG
recordings. The advantages of PSG-derived EL models for CKD detection
include non-invasiveness, early disease-related physiological changes,
integration with existing sleep diagnostics, and potential scalability for

Table 2 | The top 15 most important features influencing CKD detection across models

Rank Features Description

1 difbak Difficulty falling back asleep after waking during the night.

2 am930cig Time since the last cigarette, recorded at 9:30 AM.

3 candur Duration (in hours) of usable nasal cannula signal during polysomnography.

4 arremop Number of times a person wakes up during REM sleep while sleeping in a non-supine position (side or stomach).

5 am7drk Time since the last caffeinated drink as of 7:00 AM.

6 remlaiip Time to enter REM sleep after initially falling asleep, excluding periods of wakefulness.

7 lowexclude A measure used to exclude non-significant apnea events.

8 aprtdurop Total duration of apnea episodes in REM sleep while sleeping in a non-supine position.

9 carop5 The average duration of central apnea episodes in REM sleep, with oxygen desaturation of 5% or more.

10 quabdo Quality of abdominal effort signal recorded during polysomnography.

11 oindex An overall index measuring sleep-disordered breathing severity.

12 am930drk Time since the last caffeinated drink as of 9:30 AM

13 pctsa90hge2 Percentage of sleep time when oxygen levels drop below 90%.

14 ortdurop Total duration of obstructive apnea episodes in REM sleep while sleeping in a non-supine position.

15 alpdel Brain activity (alpha waves) during non-REM sleep indicates disturbed sleep.
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home-based screening using ML-powered wearable sleep monitors. While
PSG offers rich physiological information29, we acknowledge that it is more
time-consuming, costly, and less accessible than standard clinical tests such
as eGFR. Therefore, our approach is not intended to replace current clinical

practices but to explore the potential of PSG-derived features as a com-
plementary screening tool for CKD—particularly in patients who are
already undergoing PSG for sleep-related disorders. In such contexts,
repurposing existing PSG data could enable early risk stratification of CKD

Fig. 1 | Feature importance of categorical variables across four ensemble learning
models for early CKD detection using phenotypic data. a Random Forest (RF),
b XGBoost, c LightGBM, and d CatBoost. Each plot highlights the most influential

categorical variables, ranked by their contribution to model predictions. These
features are critical in CKD classification, providing insights into key phenotypic
markers associated with disease severity.
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without the need for additional testing or procedures.We acknowledge that
the routineuseofPSG forCKDscreening is not currently feasible due to cost
and accessibility constraints. However, our study aims to assess the feasi-
bility and value of such data in a targeted population, which may inform
future work involving more scalable alternatives, such as wearable devices.
Importantly, these findings demonstrate that machine learning models can
extract clinically relevant signals from PSG data. That said, we agree that
further external validation and prospective studies are essential before this
approach can be considered for broader clinical application.

Despite its promising findings, this study has several limitations.
Firstly, although oversampling techniques were initially applied, residual
class imbalance remained,whichmayhave causedmodelperformance to be
overestimated. Therefore, future research should recruit larger and more

balanced study populations across all CKD severity levels (mild, moderate,
and severe) or employ advanced resampling strategies to further mitigate
class imbalance. Second, ourmodel relied solely onPSG-derivedphenotypic
features and did not incorporate key biochemical markers such as serum
creatinine, albuminuria, and cystatin C, which are fundamental for CKD
diagnosis and monitoring. Including such markers in multimodal models
could enhance both prediction accuracy and clinical relevance. Finally,
using PSG data may introduce variability due to differences in sleep study
protocols, equipment, and scoring standards between sleep centers.

To further refine and expand the applicability of EL-driven CKD
screening, future research should focus on developing multimodal AI fra-
meworks that combine PSG-derived featureswith clinical, biochemical, and
genetic data to enhance risk prediction models. Investigating the feasibility
of home-based CKD screening using AI-powered sleep-tracking technol-
ogies could provide a scalable solution for early detection. Additionally,
longitudinal studies should assess how sleep phenotypes evolve and their
relationship to CKD progression. Validating EL models in real-world
clinical settings will be essential to ensure their integration into routine
nephrology practice.

This study introduces a novel EL-driven approach for CKD severity
classificationusingPSG-derivedphenotypic data.Ourfindings confirm that
nocturnal sleep phenotypes contain valuable biomarkers for CKD

Fig. 2 | Receiver operating characteristic (ROC) curves and area under the curve
(AUC) values for ensemble learning models used in CKD severity classification.
The models evaluated include. a Random Forest, b XGBoost, c LightGBM, and

d CatBoost. These ROC curves illustrate the classification performance across dif-
ferent CKD stages, comparing original and oversampled PSG-derived data results.

Table 3 | Performance metrics of ensemble learning models

Model Accuracy Precision Recall F1-score AUC

RF 0.77 0.86 0.79 0.81 0.92

XGBoost 0.79 0.84 0.82 0.82 0.94

LightGBM 0.75 0.86 0.80 0.82 0.98

CatBoost 0.61 0.75 0.70 0.72 0.94
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screening, supporting the hypothesis that PSG-derived features, analyzed
with machine learning models, can effectively classify CKD severity. By
leveraging ensemble learning techniques, we demonstrate the feasibility of
non-invasive EL-based CKD detection, potentially revolutionizing early
disease identification. Future research should focus on expanding dataset
diversity, integrating multimodal biomarkers, and validating EL models in
clinical settings to ensure broad applicability and clinical adoption. If suc-
cessfully implemented, EL-driven CKD screening could improve early
diagnosis, personalized treatment strategies, and long-term patient out-
comes, bridging the gap between sleepmedicine and nephrology for amore
holistic approach to chronic diseasemanagement. Additionally, prospective
studies should explore the integration of EL-driven CKD screening into
real-world telehealth platforms and sleep clinics to evaluate its feasibility,
usability, and clinical utility.

Methods
We proposed ensemble learning approaches for automatically screening
CKDusing PSG-derived phenotypic data. Our study design comprised four
key components: study population (Fig. 4a), clinical phenotypic data
(Fig. 4b), ensemble learning models (Fig. 4c), and CKD outcomes (Fig. 4d).
We implemented four ensemble learning algorithms—RF, XGBoost,

LightGBM, and CatBoost—to evaluate the robustness and generalizability
of top-ranked nocturnal features associated with CKD severity. These
models were chosen for their demonstrated effectiveness in classifying
chronic disease severity, particularly in the context of high-dimensional
clinical datasets. Each algorithm employs distinct optimization strategies,
enabling a comparative analysis of their performance across different
ensemble learning paradigms. Detailed descriptions of each model’s
architecture and the rationale behind their selection are provided in the
Ensemble Learning Models section.

Study population
To validate our approach, we utilized the Cleveland Family Study (CFS)
data, a large, family-based cohort that provides extensive PSG-derived
phenotypic and clinical data. The dataset includes 2284 individuals from
361 families, primarily of American and African American descent,
recruited initially to investigate the familial aggregation of sleep apnea.
Longitudinal data collection occurred between 1990 and 2006 through four
follow-up examinations. Additionally, the Hispanic Community Health
Study/Study of Latinos (HCHS/SOL) dataset was used for independent
external validation. HCHS/SOL is a multi-center epidemiologic study that
includes 16,415 Hispanic and Latino participants.

Fig. 3 | External validation results of ensemble learning models for CKD stage
classification, illustrating classification performance across different CKD
severity levels. The models evaluated include (A) random Forest, B XGBoost,

C LightGBM, andDCatBoost. The area under the curve (AUC) values represent the
multiclass classification performance for CKD stages: stage 1 (STG1), stage 2
(STG2), stage 3a (STG3a), stage 3b (STG3b), stage 4 (STG4), and stage 5 (STG5).
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For this analysis, participants were included if they had available PSG
recordings, clinical data, and valid eGFR stage classifications. Individuals
were excluded if they (1) lacked follow-up data (n = 1549), (2) had missing
or insufficient eGFR information (n = 13), or (3) were unmatched in pro-
pensity scorematching (n = 364).Wedidnot apply any additional exclusion
criteria based on specific clinical comorbidities or anatomical abnormalities,
as our goal was to capture a broadly representative sample of earlyCKDand
CKD individuals from the dataset (Fig. 5). We included 358 participants
after applying exclusion criteria. Initially, 1549 individuals were excluded
due to missing follow-up data, and 13 were excluded due to insufficient
eGFR stage records. CKD classification was based on eGFR cutoffs, defined
as follows:
• Stage 1 (STG1): eGFR > 90mL/min/1.73m²
• Stage 2 (STG2): eGFR 60–89mL/min/1.73m²
• Stage 3a (STG3a): eGFR 45–59mL/min/1.73m²
• Stage 3b (STG3b): eGFR 30–44mL/min/1.73m²
• Stage 4 (STG4): eGFR 15–29mL/min/1.73m²
• Stage 5 (STG5): eGFR < 15mL/min/1.73m²

To minimize confounding effects, we applied propensity score
matching using a nearest-neighbor algorithm (1:1 ratio) without replace-
ment based on age, sex, and body mass index (BMI). Standardized mean
differences were calculated before and after matching to assess the balance
between the CKD and control groups. After matching, we obtained 179
participants with CKD and 179 early-CKD, ensuring well-balanced cohorts
and reducing selection bias (Fig. 5).

Thefinal cohort consisted of 58.9% female participants,with an average
age of 52.0 ± 18.2 years. BMI levels were similar between groups (CKD:

35.5 ± 11.0 kg/m² vs. Control: 34.8 ± 10.4 kg/m², p = 0.503). Comorbid
conditions such as diabetes were more prevalent in the CKD group (27.9%)
compared to controls (18.4%), although this difference did not reach sta-
tistical significance. Among laboratory markers, creatinine urine levels were
significantly elevated in theCKDgroup (p < 0.001), consistentwith impaired
renal function. However, other metabolic parameters showed no significant

Fig. 4 | Graphical representation of the proposed AI-enabled approaches for
CKD screening during sleep. a Study population: This study utilized the Cleveland
Family Study data. b Clinical phenotypic data: Nocturnal phenotypic data were
extracted and processed for ensemble learning. c Ensemble learning: Four

representative algorithms were used to screen CKD stages during sleep. d CKD
outcomes: Automatic screening of CKD stages was classified as a multiclass classi-
fication into stage 1 (STG1), stage 2 (STG2), stage 3 (STG3a), stage 3 (STG3b), stage 4
(STG4), and stage 5 (STG5).

Fig. 5 | Exclusion criteria for study population selection from the CFS dataset.
Detailed flowchart illustrating the subject enrollment process and dataset con-
struction for automated screening of CKD severity.
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differences betweengroups, including total cholesterol, fasting glucose, high-
density lipoprotein, and low-density lipoprotein (Table 1).

Clinical phenotypic data
We extracted 1210 clinical phenotypic features from PSG recordings of 358
participants to facilitate the automatic screening and classification of CKD
severity. These features were categorized into 13 groups, including
respiratory indices, apnea-hypopnea parameters, oxygen saturation levels,
limb movement patterns, sleep architecture, and signal quality (Table 4).

To optimize model performance and reduce overfitting, we imple-
mented a structured, multi-step feature selection strategy. Initially, features
with low variance or high missingness ( > 20%) were removed. Subse-
quently, univariate statistical tests (chi-square) were conducted within the
training set to identify features significantly associated with CKD stages
(p < 0.05). Finally, tree-basedmodel importance scores and recursive feature
elimination with cross-validation were employed to retain the most infor-
mative variables. This approach yielded a refined and discriminative subset
of features used as model inputs.

For robust model evaluation, we split the dataset into training (70%),
validation (20%), and test (10%) sets.We applied subject-based partitioning
to prevent data leakage and maintain independence between the training
and test datasets. To address class imbalance, we applied an oversampling
strategy to the severe-stage CKD group using the Synthetic Minority
Oversampling Technique (SMOTE). Specifically, the number of severe-
stage CKD samples was increased from 5 to 28 by generating synthetic
instances. This augmentation resulted in a more balanced dataset across
CKD severity levels, particularly improving representation for the severe-
stage group relative to the early-stage CKD subjects.

Ensemble learning models
In this study, the most influential factors related to CKD were identified,
trained, and evaluated using ML techniques to analyze the significance of
key parameters. Specifically, we utilized four ensemble learning models30:
RF, XGBoost, LightGBM, and CatBoost. These models were applied inde-
pendently to represent distinct ensemble learning strategies, RF as a
bagging-basedmethod, andXGBoost, LightGBM, andCatBoost as gradient
boosting techniques. No stacking or meta-ensemble strategy was imple-
mented; rather, model performance was compared to assess the relative
effectiveness of these approaches in CKD classification31.

To address the class imbalance across CKD stages, particularly the
limited representation in advanced stages, resampling techniques such as

SMOTEwere avoided to prevent the introduction of synthetic bias. Instead,
model evaluation focused on assessing true performance under naturally
imbalanced conditions. Classification results for each CKD stage were
transparently reported using confusion matrices.

The RF algorithm constructs multiple decision trees and combines
their predictions to enhance accuracy. It follows a bootstrap aggregating
(bagging) approach, where random subsets of the dataset are sampled with
replacement to train individual trees. Approximately 63% of the original
observations appear in at least one bootstrap sample, while the remaining
data points serve as out-of-bag samples for internal validation. This tech-
nique helps assess model performance and reduces overfitting. The final
prediction is obtained by averaging or voting across all trees, ensuring a
robust classification approach17.

f̂ ðxÞ ¼ mode f 1 xð Þ; f 2 xð Þ; . . . ; f BðxÞ
� � ð1Þ

where fi(x) represents individual decision trees in the ensemble.
XGBoost is an optimized gradient-boosting framework designed for

computational efficiency and high-performance learning32. It enhances
traditional decision tree-based models by employing a sequential learning
approach, where weak learners are iteratively trained to minimize residual
errors.XGBoost leverages a second-orderTaylor expansion for loss function
approximation to improve optimization, allowing formore precise gradient
calculations and rapid convergence33.

A key advantage of XGBoost is its ability to prevent overfitting through
built-in regularization techniques, which help optimize weight distributions
across leaf nodes34. Additionally, the model supports parallel processing,
enabling fast execution on large datasets while maintaining high predictive
accuracy. These characteristics make XGBoost highly effective for classifi-
cation and regression tasks, particularly in scenarios requiring scalability
and computational efficiency35. The fundamental objective function gov-
erning XGBoost’s training process is formulated as follows36:

LðtÞ ¼
Xn

i¼1

l yi; ŷi
t�1ð Þ þ f t xi

� �� �þΩðf tÞ ð2Þ

where l(yi,̂yi) represents the loss function, ft(xi) denotes the newly added
tree, and Ω(ft) is the regularization term that controls model complexity.

LightGBM is a high-performance ensemble learning algorithm for
efficient learning on large-scale datasets. Unlike conventional gradient-
boosting decision trees (GBDT) that employ a level-wise growth approach,
LightGBMadopts a leaf-wise growth strategy to enhance learning efficiency.
This method effectively reduces residual errors andminimizes unnecessary
node splits, improving learning performance. However, a leaf-wise
approach may result in imbalanced tree structures, where specific nodes
are split more frequently than others, increasing the risk of overfitting.
LightGBM introduces Gradient-based One-Sided Sampling (GOSS) and
Exclusive Feature Bundling (EFB) to address this and enhance learning
efficiency. GOSSmitigates overfitting by selectively retaining high-gradient
data points, contributing significantly to the loss function while sampling
only a subset of low-gradient data points. Meanwhile, EFB groupsmutually
exclusive features into a single unit for processing, improving memory
efficiency and computational speed37.

Additionally, LightGBM employs a depth-first growth strategy to
generate asymmetric trees, prioritizing the expansion of nodes that offer the
greatest improvement in split performance38. As a result, themodel delivers
faster processing speeds compared to traditional breadth-first growth
approaches and ensures high accuracy and efficiency even on large-scale
datasets39. The operational mechanism of LightGBM can be further elabo-
rated through Eq. (3) 40.

LðtÞ ¼
Xn

i¼1

l yi; ŷi
t�1ð Þ þ f t xi

� �� �þ λ
XT

j¼1

ΩðwjÞ ð3Þ

Table 4 | Distribution of the clinical phenotypic data extracted
from PSG recordings

№ Category Type Number of
parameters

1 Sleep architecture Numerical 54

2 Home sleep test Categorical 1

3 Administrative Numerical, Categorical 9

4 Apnea-hypopnea indices Numerical 164

5 Arousal Numerical 11

6 Evening and morning
survey

Categorical, Binary,
Numerical

70

7 Heart rate Numerical 54

8 Limb movements Numerical 87

9 Oxygen saturation Numerical 167

10 Respiratory event counts Numerical 123

11 Respiratory event lengths Numerical 392

12 Signal quality Numerical, Binary 70

13 Polysomnography Numerical, Categorical 8

Total 1,210
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CatBoost is an advanced gradient-boosting algorithm specifically
designed to process categorical data41. Unlike conventional MLmodels that
require extensive preprocessing, such as one-hot encoding or label encod-
ing, CatBoost incorporates automated statistical transformations to convert
categorical variables into formats optimized for training42. This built-in
feature streamlines data preparation and minimizes the risk of information
loss during encoding. CatBoost employs an Ordered Boosting technique to
enhance learning efficiency further, ensuring that the model does not leak
information from future observations into the training process. This
approach mitigates data leakage, improving predictive stability and redu-
cing overfitting, particularly in small datasets. Themethodmaintains strong
generalization performance, making it highly effective for structured data
applications43.

Additionally, CatBoost supports parallel processing using GPUs,
enabling efficient training even on large-scale datasets. It achieves faster
training speeds by leveraging GPU-based histogram computation methods
than traditional approaches like XGBoost and LightGBM44. This parallel
processing capabilitymakesCatBoostwell-suited for real-time analytics and
large-scale data processing where high performance is essential45.

LðtÞ ¼
Xn

i¼1

l yi; ŷi
t�1ð Þ þ f t xi

� �� �þ λ
XT

j¼1

ΩðwjÞ þ α � OTSðxcat ; yÞ ð4Þ

OTS(xcat,y) represents the ordered target statistics applied to catego-
rical variables.

Model training
PSGdata were processed using R (version 4.3.1; R Foundation for Statistical
Computing, Vienna, Austria)46 and Python (version 3.11.4; Python Soft-
ware Foundation, Fredericksburg, VA, USA)47. The proposed EL models
were implemented, and the software and hardware configurations were
optimized for training. The computing environment consisted of Keras48

running on a TensorFlow backend, with a workstation powered by an Intel
i9-13900K CPU (3.5 GHz) and an NVIDIA GeForce RTX 4070 GPU.

The dataset was partitioned into training and testing subsets using the
train_test_split function from the sci-kit-learn library, allocating 70% of the
data for training and30% for validation. Thedatawere divided into 64mini-
batches sequentially injected into themodel throughout each training epoch
to enhancemodel learning.ReceiverOperatingCharacteristic (ROC) curves
were generated to evaluate model performance, while feature importance
analysis was conducted to identify key predictors influencing classification
accuracy.

Evaluation metrics
Wecomputedaccuracy, sensitivity (recall), specificity, andprecision to assess
model performance. These evaluation measures were defined as follows:

accuracy ¼ TPþ TNð Þ= TPþ TNþ FPþ FNð Þ ð5Þ

precision ¼ TP= TPþ FPð Þ ð6Þ

recall sensitivity
� � ¼ TP= TPþ FNð Þ ð7Þ

TP represents true positives, TN denotes true negatives, FP refers to
false positives, and FN indicates false negatives. These terms correspond to
the number of correctly detected normal and abnormal events and the
number of misclassified events in the dataset. Additionally, we computed
the F1 score, a metric beneficial for handling imbalanced datasets, as it
balances precision and recall using the formula:

F1score ¼ 2 × recall × precision
� �

= recallþ precision
� � ð8Þ

The recall metric measures how effectively the model detects true
positive (TP) cases, whereas precision evaluates how accurately normal

cases are classified. Higher values for both metrics, approaching 1, indicate
improved reliability49. The ROC curve visualizes the trade-off between False
Positive rate (FPR, x-axis) and True Positive rate (TPR, y-axis) across dif-
ferent threshold values. The area under the curve (AUC) quantifies overall
model performance,with values closer to 1.0 indicating higher classification
accuracy 50.

Data availability
All datawere approved by theNational SleepResearchResource (NSRR) for
the specific purpose of this study ([https://sleepdata.org/datasets/cfs],
[https://sleepdata.org/datasets/hchs]).
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