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Abstract

Background: The prevalence of chronic kidney disease (CKD) in Korea increases annually. With the
rapidly aging population in Korea, the number of patients with CKD is expected to increase further. CKD
imposes a significant burden on both individuals and the country. However, due to the lack of awareness
of CKD, most patients are diagnosed in the end stage of CKD. Therefore, this study aims to develop a
machine learning model for CKD to identify at-risk patients, slow disease progression, and prevent
complications.

Methods: Based on the Rainbow model, 61 variables were considered explanatory variables. Among the
adult and elderly, 197 (5.1%) of 3,868 participants and 135 (11.1%) of 1,216 participants were classified
as having CKD, respectively. Six machine learning methods were used to explore risk factors for CKD and
identify the model with the highest performance power. Logistic regression analysis was used to confirm
the importance of key variables in each selected machine-learning model.

Results: In adults, the boosting method demonstrated the highest predictive power for CKD (accuracy,
0.974; precision, 0.975; recall, 0.974; F1 score, 0.968; AUC, 0.886). Analysis of the elderly population
revealed the Naive Bayes model as the most effective for predicting CKD (accuracy, 0.905; precision,
0.922; recall, 0.905; F1 score, 0.912; AUC, 0.744). Logistic regression analysis reaffirmed the risk factors
identified. In adults, these included urine protein, age, private insurance, hypertension, diabetes,
residential area, and anemia. In the elderly, they included urine protein, anemia, age, diabetes, private
insurance, moderate to high physical activity levels, household composition, sex, number of elderly
leisure welfare facilities per 1,000 people, and subjective health perception.

Conclusion: The machine learning risk model for CKD developed in this study serves as a foundation for
the formulation of nursing plans, the establishment of early warning systems through prediction, and the
development of nursing guidelines in nursing practice.

Background

Chronic kidney disease (CKD) is a progressive condition characterized by an irreversible decline in kidney
function, impairing its ability to function normally [1]. The Korea Disease Control and Prevention Agency
reports a 6.3% prevalence of CKD in Korea in 2021 [2]. According to the International Society of
Nephrology, Korea ranks 6th among 59 countries, including the United States, and 4th among Asian
countries for CKD prevalence [3]. With an average annual growth rate of 18.8% per million people, Korea
has the second-highest CKD growth rate globally after Thailand [4]. The number of patients receiving
treatment for CKD in Korea more than doubled from 137,003 in 2012 to 296,397 in 2022 over the past 10
years [5]. In 2024, the elderly population (aged 65 years or older) in Korea accounted for approximately
19.2%, marking its transition into a super-aged society [7]. Kidney function declines with age, and CKD
prevalence is expected to increase further as the population ages. In Korea, 17.5% of patients with CKD
are aged 65 years or older, which is approximately three times greater than the overall population [6].
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Early-stage CKD can be easily detected through screening tests such as blood and urine tests and is
manageable with regular checkups [7]. However, early-stage CKD often goes undetected due to the
absence of symptoms [8]. Advanced-stage CKD progresses rapidly, causing severe renal dysfunction and
requiring need renal replacement therapy [1]. Patients with end-stage renal disease undergoing renal
replacement therapy often experience persistent depression and poor quality of life [9]. Additionally,
complications increase the prevalence and mortality of cardiovascular disease [9]. CKD incurred the
highest per capita medical expenses in Korea, imposing a significant economic burden on both
individuals and the country [10]. Therefore, preventing progression to end-stage CKD, which is difficult to
treat, is important [11]. Predicting CKD enables nurses to identify risk factors for patients at risk of CKD,
strengthen personalized care, provide individual education, and guide timely hospital visits.

The health of an individual is affected by the environment. Dahlgren and Whitehead's rainbow model is a
theory that explains the determinants of health based on social-ecological theory (Figure 1) [12]. The
multicausal model states that the health of an individual is a complex interaction of biological
characteristics as well as internal and external factors across four layers [12]. This study provides a
theoretical framework for understanding how factors across various layers affect health outcomes,
especially health problems. Therefore, this model guides the development of targeted interventions or
policies [13]. In a previous study, when the local government applied the rainbow model to health policies
and environmental improvements, the health level of residents improved [14]. In addition, research
highlights the effects of social health determinants based on the rainbow model on hypertension [15].
Thus, the rainbow model is a theory that effectively explains diseases with various risk factors, such as
CKOD. In this study, the risk factors for CKD based on the rainbow model were examined.

The Korea National Health and Nutrition Examination Survey (KNHANES) is a national statistic of Korea
conducted annually nationwide that systematically collects data on health status, health behaviors, and
environmental factors influencing health [16]. It includes screening surveys, nutrition surveys, and health
questionnaires related to CKD, making it a valuable data source for CKD research that considers the
characteristics of the Korean population. The KNHANES data includes health determinants outlined in
the rainbow model [16]. In addition, integrating the community health-related database with the
KNHANES expands research by identifying factors influencing community health and disparities.

Machine learning is an effective method for analyzing and predicting diseases with complex and diverse
causes [17]. Existing statistical methods struggle to analyze diseases with complex and diverse causes,
determine causal relationships and address sample imbalances [18]. Trends have been identified and
predicted using machine learning based on the National Health and Nutrition Survey, health insurance
records, and medical panel surveys conducted in Korea, producing highly accurate prediction models
[19]. Machine learning is a recognized and essential research method for analyzing such surveys [19,20].
However, machine learning studies on CKD have focused primarily on physiological indicators, with
limited research examining and predicting individuals and their surrounding health determinants [21-23].
When analyzing CKD using the rainbow model, machine learning classification algorithms provide an
appropriate approach [24]. The rainbow theory incorporates diverse variables by comprehensively
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addressing numerous factors influencing disease causation [25]. Machine learning effectively explores
and models the relationships between variables in such multidimensional data [12].

CKD is difficult to detect or treat due to lack of awareness of the disease. Developing a CKD
classification model is a meaningful study to address this lack of awareness and information. Evidence-
based nursing practice relies on applying the latest research methods to verify theories and generate
reliable data for patient care [26]. This study used machine learning to enable evidence-based nursing
practices by scientifically classifying and analyzing CKD data. The secured machine learning model
serves as an objective and valid indicator for effectively conveying and explaining the condition of a
patient. It functions as an early warning system, enabling the early identification of at-risk patients to
slow the progression of CKD or prevent complications. Nurses must scientifically understand the
conditions of patients and provide effective interventions. This enables nurses to take a leading role in
patient management, deliver targeted interventions, and collaborate with multidisciplinary experts to
develop CKD management plans. It also serves as foundational data for developing national and local
CKD-related health policies.

Therefore, this study aims to develop a CKD classification model using a machine learning classification
algorithm based on a rainbow model using KNHANES data, focusing on adult and elderly populations to
identify risk factors. It would be possible to detect asymptomatic CKD patients and expect appropriate
intervention before CKD symptoms appear.

Methods and Materials

Methodology

This study is a secondary data analysis study that integrated data from the 2027 KNHANES with that of
the 2021 Community Health Database to develop and evaluate a CKD classification model. This study
aims to compare the performance of various CKD classification models developed using machine
learning algorithms, identify the most effective classification model, and determine risk factors
associated with CKD. For machine learning classification algorithm, Jeffreys’s Amazing Statistics
Program (JASP) 0.19.0.0 and for logistic regression analysis, Statistical Package for the Social Sciences
(SPSS) 29.0.2.0 was used.

Research population

The sampling frame of KNHANES is based on the most recent population and housing census data
available at the time of sample design to ensure a representative sample of the target population—the
Korean people aged > 1 year. A two-stage stratified cluster sampling method was employed, selecting
survey areas (1st) and households (2nd) as the sampling units. This study focused on CKD in Korean
adults and elderly individuals, including participants aged = 19 years and elderly individuals aged = 65
years.
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Data collection

The KNHANES is a government-led statistical survey conducted under relevant laws. The Korea Disease
Control and Prevention Agency discloses KNHANES data annually, making it publicly available for
academic research. The data were anonymized in accordance with the Personal Information Protection
Act and the Statistics Act to prevent individual identification. In this study, data were downloaded from
the Korea Disease Control and Prevention Agency (KNHANES) website after completing the statistical
data compliance pledge and used per the National Health and Nutrition Survey Usage Guidelines. The
community health-related database was publicly available on the community health survey website,
allowing linkage of health determinants to community health levels and disparities. The community
health-related factor database was downloaded from the website and used in this study.

This study was approved by the Kyungpook National University Bioethics Committee for exemption from
the IRB (2024-0278) after reviewing the overall research, including the purpose and methods.

Research variables and definitions.
Chronic kidney disease

CKD was classified as “yes” if the glomerular filtration rate was < 60 ml/min/1.73 m2 or the urine
albumin-to-creatinine ratio was = 30 mg/g, based on the CKD prevalence criteria of the Korea Disease
Control and Prevention Agency. Otherwise, it was classified as “no.”

The dependent variable, CKD, was calculated using serum creatinine (Scr), urine albumin, urine
creatinine, sex, weight, and age data from the KNHANES. The glomerular filtration rate was determined
via the CKD-EPI eGFR formula (2021) provided by the Korean Society of Nephrology. The CKD-EPI eGFR
(mL/min/1.73m?) was calculated using the formula = 141*min(Scr/k,1)%max(Scr/

k,1)1-299%0.993A9¢*1 018[if female]*1.159[if black], where K = 0.7 (females) or 0.9 (males), a = -0.241
(females) or -0.302 (males), min = indicates the minimum of Scr/K or 1, max = indicates the maximum of
Scr/K or 1. The urine albumin-to-creatinine ratio was estimated via the expected daily creatinine
excretion (g/day). For men, it was calculated as (28-(age/6))*Bwt/1000(g/day), and for women, it was
calculated as (22-(age/9))*Bwt/1000(g/day).

Explanatory variables

Based on Dahlgren and Whitehead’s Rainbow Model (1991) and a literature review of factors influencing
CKD identified in previous studies, 61 explanatory variables were selected. These variables were
synthesized from previous studies (Table 1).

Age, sex, and constitution factors from the center of the Rainbow Model were selected, including age,
sex, hypertension, diabetes, obesity, anemia, urine protein, and urine occult blood. Hypertension,
diabetes, obesity, and anemia were derived variables defined based on prevalence data from physical
measurements and examination results in the National Health Survey.
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Individual lifestyle factors from the first layer of the model were assessed using health survey data.
Smoking and drinking were evaluated based on current data, while anxiety, stress, activity limitations,
subjective health status, aerobic physical activity, occupation, and nutritional surveys (food and water
intake) were evaluated through self-reports.

Social network variables from the second layer of the model were derived from family-related data in the
KNHANES. These included marital status, household size, and generational composition.

Variables corresponding to the third layer, living and working conditions, included dietary composition,
nutritional labeling awareness, economic activity status, recipient of basic living assistance, household
and individual income, health insurance, personal insurance, education, medical examinations, annual
unmet medical needs for clinics or hospitals, unmet need for necessary medical services, house
ownership, and housing type, as outlined in the model.

In the fourth layer, general socioeconomic, cultural, and environmental conditions, the corresponding
KNHANES variables included residence area, city/county, and town/village. Since residential areas alone
did not fully capture general socioeconomic, cultural, and environmental conditions, a community health-
related database was integrated for a more comprehensive analysis. A previous study on the
determinants of health-related quality of life showed machine learning, medical personnel, medical
facilities, and specific regional indicators as key factors influencing health status at the regional level
[124]. In addition, regional economic and development factors—such as the population, crime rate, and
number of medical cases—should be thoroughly examined when formulating and implementing health
policies for a specific region [124]. Consequently, variables were selected from the community health
survey database.

Table 1. Variables input into machine learning.
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Category Variable DB

Age, sex & Age, Sex, Hypertension (create), Diabetes Mellitus (create), KNHANES
Constitutional Obesity (create), Anemia (create), Urine Protein (checkup),
factors (8) Urine blood (checkup)

Individual lifestyle ~ Smoking, Drinking, Stress, Anxiety, Subjective health evaluation

factors (13) (Quality of Life), Activity limitation, Aerobic physical activity,
Occupation, Water intake (cup), Food intake (water, sodium,
potassium, protein)

(Sc;cial Network Marriage, Number of household members, Family household
3
Living and Dietary composition, Nutritional labeling awareness, Economic
working activity state, Recipient of basic living, Income (house,
conditions individual), Health insurance, Personal insurance, Education,
Medical examination, Annual unmet need for medical clinics or
(14) hospitals, Unmet need for necessary medical services, House
ownership, Housing type
General Residence area, District-town & village
socioeconomic
cultural and Moderate or higher level of physical activity practice rate, Community
environmental Healthy lifestyle practice rate, Number of sports facilities, Health
conditions Number of parks, Traffic culture index, Walking practice rate, Database
Elderly population ratio, Financial Independence, Financial
(2+21) autonomy, Number of cultural infrastructure facilities per

100,000 people, Number of elderly leisure and welfare facilities
per 1000 elderly people, Number of residents per rescue
worker, Number of doctors and nurses working in medical
institutions per 1,000 people, Number of medical institution
beds per 1,000 people, number of people in out-of-town clinics
(total), Treatment rate for those diagnosed with hypertension,
treatment rate for those diagnosed with diabetes, Annual
Diabetic Kidney Disease Complication Screening Rate, Annual
diabetic kidney disease complication screening rate, Annual
unmet medical needs rate

KNHANES, Korea National Health and Nutritional Survey
Data preprocessing

The 2027 KNHANES included 7,090 participants, of whom 5,953 were aged = 19 years. Exclusions
comprised 976 individuals who did not participate in the nutritional survey, 269 who did not participate in
the physical examination survey, and 33 people who did not participate in the health survey. The final
sample comprised 4,674 adults aged = 19 years and 1,838 elderly people aged = 65 years.

The KNHANES comprised three components: a physical examination, health (health behavior and health
interview surveys), and nutrition surveys [16]. In this study, missing values (weight, age, urine creatinine,
urine protein, and creatinine) used to derive the dependent variable, CKD, could not be replaced with
specific values. In addition, assigning specific values to examination items related to generated

Page 7/34



variables, such as diabetes, hypertension, anemia, and obesity (risk factors for CKD), was challenging.
Therefore, a simple elimination method was applied.

Data preprocessing was performed on 4,674 adults aged = 19 years, excluding non-participators, by
sequentially removing missing values from the nutrition, physical examination, and health survey. In this
study, three participants with missing nutrition survey data, 531 with missing physical examination data,
and 272 with missing health survey data were excluded. The appendix presents the homogeneity
analysis results for the population and analysis group, along with the characteristics of participants
excluded due to missing data. Finally, the analysis included 3,868 participants aged = 19 years, of whom
1,216 were aged = 65 years. The community health-related database was combined using the residential
area information of the participants (Figure 2).

Data analysis

In this study, data analysis was conducted on two groups: adults aged = 19 years and elderly individuals
aged = 65 years. A CKD classification model was developed, the final model was selected, and key risk
variables were analyzed using logistic regression to determine the risk levels (Figure 3).

The community health-related database was integrated using the 20217 KNHANES. After data collection,
SPSS 29.0 was used for data cleansing to confirm the participants before merging the community
health-related database. Sixty-one explanatory variables were selected based on Dahlgren and
Whitehead’s Rainbow Model to identify CKD risk factors.

Subsequently, a machine learning classification algorithm was performed using the JASP 19.0 program.
Among the machine learning classification algorithms provided by the program, six classification
algorithms were applied, including Naive Bayes, K-nearest neighbors, support vector machines, decision
trees, random forests, and boosting. The linear discriminant and neural network models were excluded,
as they require continuous explanatory variables.

The models were then evaluated to identify the best-performing predictive model using five indicators:
accuracy, precision, recall, F1 score, and area under the curve (AUC). An AUC of 0.6 or higher was
generally considered significant [27]. Additionally, previous research recommended examining various
performance indicators alongside the receiver operating characteristic curve [28]. The final model was
selected by comparing performance indicators among models with AUC values of = 0.6 or higher.

Risk factors were identified based on the variable importance of the selected model. JASP provided two
metrics for CKD risk factors: variable importance (Relative Influence) and average loss value (Mean
dropout loss). Ensemble-based algorithms additionally reported both metrics, while the other algorithms
provided only the mean dropout loss value. The mean dropout loss value of variables indicated how
much each variable contributes to the prediction performance of the model.

To quantitatively interpret the risk factors, variables with high importance were selected for logistic
regression analysis [29,30]. Given the 1-year duration of the study, cross-sectional weighting was applied
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[31]. Logistic regression analysis was used to identify the magnitude of risk variables and their
associations with CKD.

Results
Adult population (= 19 years)

Performance comparison of chronic kidney disease classification models developed in the adult
population (= 19 years)

The performance of machine learning models was evaluated using five key metrics: accuracy, precision,
recall, F1-score, and AUC. The results showed that the boosting, decision tree, Naive Bayes, random
forest, and support vector machine models achieved significant performance, while K-nearest neighbors
had an AUC < 0.6 and were excluded. Table 2 shows the performance of each model based on the
evaluation metrics. Since recall is crucial for minimizing Type Il errors in disease prediction, the boosting
model, which achieved the highest recall, was selected as the final model. Additionally, it outperformed
the other models across the remaining.

Table 2. Performance comparison of CKD classification models (= 19 years)
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Performance indicator

Accuracy

Precision

Recall

F1 Score

AUC

Model

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
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Total

0.821
0.944
0.972
0.962
0.948
0.975
0.919
0.911
0.968
0.954
0.951
0.975
0.821
0.944
0.972
0.962
0.948
0.974
0.862
0.925
0.967
0.955
0.927
0.968
0.654
0.558
0.681
0.622

Rank




Random Forest 0.889 1 ‘
Boosting 0.886 2 ‘

AUC, area under the curve; CKD, chronic kidney disease
Variable importance of the final selected boosting model in the adult population (= 19 years)

To identify CKD risk factors, the variable importance of the boosting model was analyzed (Table 3). The
relative influence values ranked as follows: urinary protein (68.088), age (15.145), private insurance
(8.807), hypertension (3.232), diabetes (2.055), residential area (1.489), and anemia (1.233).

In the boosting model, mean dropout loss did not directly influence the variable performance but it was
used to evaluate model performance. Although these variables did not have a direct influence, they
enhanced the predictive accuracy of the model. The mean dropout loss value for the remaining variables
was 0.095.

Table 3. Variable Importance of Boosting (= 19 years)
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Rank Variable R.I M.D.L

1 Urine protein (Age, sex and constitutional) 68.088 0.186
2 Age (Age, sex and constitutional) 15.145 0.128
3 Personal insurance (Living and working conditions) 8.807 0.111
4 Hypertension (Age, sex and constitutional) 3.232 0.117
5 Diabetes Mellitus (Age, sex and constitutional) 2.005 0.1

6 Area of residence (General socioeconomic cultural and environmental 1.489 0.105

conditions)

7 Anemia (Age, sex and constitutional) 1.233 0.097
8 (Age, sex and constitutional) Sex, Obesity, Urine blood 0 0.095

(Individual lifestyle factors)

Smoking, Drinking, Stress, Anxiety, Subjective health evaluation, Activity
limitation, Aerobic physical activity, Occupation, Water intake (cup),
water/Sodium/Potassium/Protein intake

(Social and community networks)
Marriage, Number of household members, Family household
(Living and working conditions)

Dietary composition, Nutritional labeling awareness, Economic activity
state, Recipient of basic living, Health insurance, Personal insurance,
Home income, Individual income, Education, Medical examination,
Annual unmet need for necessary medical services, House ownership,
Housing type

(General socioeconomic cultural and environmental conditions)
District, town & village

Moderate or higher level of physical activity practice rate, Healthy
lifestyle practice rate, Number of sports facilities, Number of parks,
Traffic culture index, Walking practice rate, Elderly population ratio,
Financial Independence, Financial autonomy, Number of cultural
infrastructure facilities per 100000 people, Number of elderly leisure and
welfare facilities per 1000 elderly people, Number of residents per rescue
worker, Number of doctors and nurses working in medical institutions
per 1000 people, Number of medical institution beds per 1000 people,
number of people in out-of-town clinics (total), Treatment rate for those
diagnosed with hypertension, treatment rate for those diagnosed with
diabetes, Annual Diabetic Kidney Disease Complication Screening Rate,
Annual diabetic kidney disease complication screening rate, Annual
unmet medical needs rate

RI, relative influence; M.D. L, mean dropout loss
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Logistic regression analysis to determine variable importance in the adult population (= 19 years)

Logistic regression analysis was conducted to determine the risk levels of the top seven variables that
were significantly identified in the boosting model (Table 4).

Age positively influenced CKD prevalence, with each year of increase raising the risk by 1.07 times (OR =
1.07,Cl: 1.07-1.07, p < .001). Hypertension, diabetes, anemia and urinary protein also exhibited
significant positive associations with CKD. The presence of hypertension increased CKD risk by 1.83
times (OR = 1.83, Cl: 1.82-1.83, p <.001), while diabetes increased the risk by 1.41 times (OR = 1.41, Cl:
1.40-1.41, p <.001). Additionally, anemia was linked to a 3.33-fold increase in CKD risk (OR = 3.33, Cl:
3.31-3.35, p <.001). The strongest association was observed with urinary protein, which raised the risk
of CKD by 9.76 times (OR = 9.76, Cl: 9.72-9.80, p < .001).

Compared to individuals the private insurance, those uncertain about their coverage exhibited a negative
association. Compared to individuals with private insurance, those uncertain about their coverage had a
0.19-fold lower risk of CKD (OR =0.81, Cl: 0.78-0.83, p < .001). Compared to individuals with private
insurance, those without coverage had a positive effect on CKD, a 2.37-fold greater risk of CKD (OR =
2.37,Cl: 2.35-2.38, p < .001).

Risk factors for CKD were analyzed according to residential area. In Seoul, the capital of South Korea,
Gyeonggi, Gyeongbuk, Gwangju, Daegu, Daejeon, Busan, Sejong, Ulsan, Jeju, and Chungbuk were
associated with a lower risk of CKD. Compared to Seoul, the risk of CKD was 0.44 times greater in
Gyeonggi (OR = 0.56, Cl: 0.56-0.57, p < .001), 0.37 times greater in Gyeongbuk (OR = 0.63, Cl: 0.62-0.64,
p <.001), 0.31 times greater in Gwangju (OR = 0.69, Cl: 0.68-0.70, p < .001), 0.13 times greater in Daegu
(OR=0.87,Cl:0.85-0.88, p <.001), 0.57 times greater in Daejeon (OR = 0.43, Cl: 0.43-0.44, p <.001),
0.27 times greater in Busan (OR = 0.73, Cl: 0.72-0.74, p < .001), and 0.09 times greater in Sejong (OR =
.91, Cl: 0.87-0.95, p <.001), Ulsan by 0.04 times (OR = 0.96, Cl: 0.95-0.98, p < .001), Jeju, by 0.09 times
(OR=0.09, Cl: 0.08-0.09, p <.001), and Chungbuk by 0.72 times (OR = 0.28, Cl: 0.28-0.29, p <.001). In
contrast, Seoul, Gangwon, Gyeongnam, Incheon, Jeonnam, Jeonbuk, and Chungnam were associated
with an increased risk of CKD. Compared to Seoul, the risk of CKD was higher in Gangwon (OR = 1.47, CI:
1.45-1.49, p <.001), Gyeongnam (OR = 1.01, Cl: 1.00-1.02, p < .001), Incheon (OR = 1.78, Cl: 1.76-1.80,
p <.001), Jeonnam (OR = 1.56, Cl: 1.54-1.58, p <.001), 1 Jeonbuk (OR =1.21, Cl: 1.20-1.23, p <.001),
and 1 Chungnam (OR = 1.44, Cl: 1.43-1.46, p < .001).

Table 4. Risk factors for CKD (= 19 years, N = 3,868)
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Rainbow model
(category)

Age, sex
and
constitutional

factors

Living and
working

condition

General
socioeconomic
cultural
environmental

condition

Variable
Intercept

Age
Hypertension
Diabetes Mellitus
Anemia (yes)
Urine protein

Personal insurance (yes”)

Personal insurance
(unknown)
Personal insurance (No)

Aria of residence (Seoul;
Capital”)

Gangwon

Gyeonggi

Kyungnam

Kyungbuk

Gwangju

Daegu

Daejeon

Pusan
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-10.31

.06

.60

.34

1.20

2.28

-.22

.86

.39

-.58

.01

-.46

-.37

-14

-.83

-.32

S.E.

.009

.000

.002

.002

.003

.002

.015

.003

.006

.004

.006

.006

.008

.008

.010

.006

Sig.
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
178
<.
001
<.
001
<.
001
<.
001

<.
001

OR

.000

1.07

1.83

1.41

3.33

9.76

0.81

2.37

1.47

0.56

1.01

0.63

0.69

0.87

0.43

0.73

95% ClI

1.07-
1.07

1.82-
1.83

1.40-
1.41

3.31-
3.35

9.72-
9.80

0.78-
0.83

2.35-
2.38

1.45-
1.49

0.56-
0.57

1.00-
1.02

0.62-
0.64

0.68-
0.70

0.85-
0.88

0.43-
0.44

0.72-
0.74




Sejong -10 020 <. 091 0.87-
001 0.95
Ulsan -.04 .010 <. 0.96 0.95-
001 0.98
Incheon .58 005 < 1.78 1.76-
001 1.80
Jeonnam 45 006 <. 1.56 1.54-
001 1.58
Jeonbuk .19 006 <. 1.21 1.20-
001 1.23
Jeju -2.47 015 <. .09 0.08-
001 0.09
Chungnam .37 006 <. 1.44 1.43-
001 1.46
Chungbuk -1.27 .009 <. .28 0.28-
001 0.29

Note. Groups marked with an asterisk are the reference groups. CKD, chronic kidney disease
Elderly population (= 65 years)

Performance comparison of chronic kidney disease classification models developed for the elderly
population (= 65 years)

The performance of machine learning models was evaluated using five metrics: accuracy, precision,
recall, F1 score, and AUC. In individuals aged 2 65, the boosting, Naive Bayes, and random forest models
achieved AUC values of 0.6 or higher, indicating significant predictive performance. Table 5 shows the
detailed performance metrics of each model based on these indicators.

Since recall is important for minimizing Type |l errors in disease prediction, the Naive Bayes model,
which had the highest recall, was selected as the final model. It also outperformed the other models
across the remaining evaluation metrics.

Table 5. Performance comparison of CKD classification models (= 65 years)
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Performance indicator

Accuracy

Precision

Recall

F1 Score

AUC

Model

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
Random Forest
Boosting

Naive Bayes
KNN

SVM

Decision Tree
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Total

0.905
0.909
0.885
0.909
0.901
0.893
0.922
0.918
0.898
0.885
0.911
0.863
0.905
0.909
0.885
0.909
0.901
0.893
0.912
0.870
0.912
0.890
0.858
0.867
0.744
0.527
0.517
0.582

Rank




Random Forest 0.788 1 ‘
Boosting 0.708 3 ‘

AUC, area under the curve; CKD, chronic kidney disease
Variable importance of the final selected Naive Bayes model in the elderly population (= 65 years)

To identify risk factors for CKD in the elderly population > 65 years), the variable importance of the Naive
Bayes model was analyzed (Table 6).

The Age, sex, & Constitutional factors variables identified included urine protein (0.328), anemia (0.285),
age (0.284), diabetes (0.282), sex (0.278), hypertension (0.273), obesity (0.271), and urine occult blood
(0.268).

The individual lifestyle factors identified included subjective health perception (0.278), anxiety (0.277),
protein intake (0.277), potassium intake (0.276), stress (0.270), water intake (0.269), alcohol
consumption (0.264), smoking (0.264), sodium intake (0.263), and activity restrictions (0.26).

The social network factors identified included generational composition (0.278), household size (0.273),
and marital status (0.269).

The living and working conditions identified included private insurance (0.280), home ownership (0.278),
health checkups (0.272), health insurance coverage (0.272), dietary habits (0.268), basic livelihood
security (0.267), employment status (0.267), housing type (0.266), education level (0.266), household
income (0.262), personal income (0.262), and awareness of nutrition labels (0.260).

The general socioeconomic, cultural, and environmental conditions identified includes: the rate of
moderate-to-high physical activity (0.279), number of elderly leisure and welfare facilities per 1,000
elderly individuals (0.278), transportation culture index (0.277), rate of healthy lifestyle practices (0.276),
rate of walking practices (0.275), annual rate of unmet medical needs (0.275), treatment rate for
individuals diagnosed with hypertension (0.274), city/province classification (0.274), annual screening
rate for diabetes and kidney disease complications (0.273), treatment rate for individuals diagnosed with
diabetes (0.271), occupation (0.271), rate of aerobic physical activity (0.271), number of hospital beds
per 1,000 individuals (0.271), financial independence (0.270), proportion of the elderly population
(0.270), number of emergency medical personnel per 1,000 individuals (0.268), number of doctors per
1,000 individuals in medical institutions (0.267), and township/village (0.267). Additionally, the following
factors were confirmed: financial independence (0.267), unmet medical needs (0,265), number of
cultural infrastructure facilities per 100,000 individuals (0.265), the annual rate of unmet hospital needs
(0.265), number of nurses (0.264), number of beds in dialysis units (0.263), number of sports facilities
(0.262), number of individuals in out-of-town clinics (0.260), and number of parks (0.260).

Table 6. Variable Importance of Naive Bayes (= 65 years)
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Rank

N oo g b~ 0N

10

11

12

13

14

Variable

Urine protein (Age, sex & Constitutional factors)

Anemia (Age, sex & Constitutional factors)

Age (Age, sex & Constitutional factors)

Diabetes Mellitus (Age, sex & Constitutional factors)

Personal insurance (Living and working conditions)

Moderate or higher level of physical activity practice rate (Community)
Family household (Social Network)

Sex (Age, sex & Constitutional factors)

Number of elderly leisure and welfare facilities per 1,000 elderly people
(Community)

Subjective health evaluation (Individual lifestyle factors)

Anxiety (Individual lifestyle factors)

Traffic culture index (Community)

Protein intake (Individual lifestyle factors)

House ownership (Living and working conditions)

Potassium intake (Individual lifestyle factors)

Healthy lifestyle practice rate(Community)

Walking practice rate (Community)

Annual unmet medical needs rate (Community)

Treatment rate for those diagnosed with hypertension (Community)

Area of residence (General socioeconomic cultural environmental conditions)
Annual Diabetic Kidney Disease Complication Screening Rate (Community)
Number of households (Social Network)

Hypertension (Age, sex & Constitutional factors)

Medical examination (Living and working conditions)

Health insurance (Living and working conditions)

treatment rate for those diagnosed with diabetes (Community)

Occupation (Individual lifestyle factors)
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M.D.L
0.328
0.285
0.284
0.282
0.28

0.279
0.278

0.277

0.276

0.275

0.274

0.273

0.272

0.271




15

16

17

18

19

20

21

22

23

Aerobic physical activity (Individual lifestyle factors)

Number of medical institution beds per 1000 people (Community)

Obesity (Age, sex & Constitutional factors)

Financial autonomy (Community)

Stress (Individual lifestyle factors)

Elderly population ratio (Community)

Marriage (Social Network)

Water intake (Individual lifestyle factors)

Number of residents per rescue worker (Community)

Dietary composition (Living and working conditions)

Urine blood (Age, sex & Constitutional factors)

Recipient of basic living (Living and working conditions)

Number of doctors working in medical institutions per 1000 people (Community)
District, town & village (General socioeconomic cultural environmental conditions)
Financial Independence (Community)

Economic activity (Living and working conditions)

Housing type (Living and working conditions)

Education (Living and working conditions)

Unmet need for necessary medical services (Living and working conditions)
Number of cultural infrastructure facilities per 100000 people (Community)
Annual unmet need for medical clinics or hospitals (Living and working conditions)
Number of nurses working in medical institutions per 1000 people (Community)
Drinking (Individual lifestyle factors)

Smoking (Individual lifestyle factors)

Sodium intake (Individual lifestyle factors)

Number of beds in dialysis unit (Community)

Water intake (cup) (Individual lifestyle factors)

Home income (Living and working conditions)

Personal income (Living and working conditions)
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0.27

0.269

0.268

0.267

0.266

0.265

0.264

0.263

0.263

0.262




Number of sports facilities (Community)
24 number of people in out-of-town clinics (Community) 0.26
Nutritional labeling awareness (Living and working conditions)

Activity limitation (Individual lifestyle factors)

* Mean dropout loss: M.D. L
Logistic regression analysis to determine variable importance in the elderly population (= 65 years)

In addition, logistic regression analysis was conducted to identify risk factors for the top 10 variables
that were most significant in the Naive Bayes model (Table 7).

Compared to males, females had a lower risk of CKD, with a 0.66-fold reduction (OR = 0.34, 95% ClI:
0.34-0.35, p <.001). Age positively influenced CKD risk, with each increase in age raising the risk by
1.11 times (OR=1.11, Cl: 1.11-1.11, p < .001). Similarly, diabetes was a significant risk factor, increasing
CKD risk by 1.36 times (OR = 1.36, Cl: 1.35-1.36, p <.001). Urine protein and anemia were both
significant risk factors for CKD. The presence of anemia increased CKD risk by 2.49 times (OR = 2.49, CI:
2.45-2.51, p <.001), while the presence of urine protein increased the risk by 6.06 times (OR = 6.06, Cl:
6.02-6.10, p < .001).

Worsening subjective health perception was associated with an increased risk of CKD. Each decline in
perceived health status increased the risk by 1.45 times (OR = 1.45, Cl: 1.45-1.46, p < .001).

Lack of private insurance was associated with an increased risk of CKD. Individuals without private
insurance had a 1.43-fold higher risk of CKD (OR = 1.43, Cl: 1.42-1.44, p < .001).

Generational composition negatively influenced CKD risk compared to the first-generation (others) in the
standard military. The risk of CKD was 0.65 times lower in the first-generation (single-person household)
group (OR =0.35, Cl: 0.34-0.36, p < .001) than in the first-generation (others). The risk of CKD in second-
generation (others) was 0.56 times lower (OR = 0.44, Cl: 0.43-0.45, p < .001) than that in the first-
generation (others). In the third-generation or older, the risk of CKD was 0.46 times lower (OR = 0.54, Cl:
0.53-0.56, p <.001) than that in the first-generation (others). In the first-generation (couples), the risk of
CKD was 0.77 times lower (OR = 0.23, Cl: 0.23-0.24, p < .001) than that in the first-generation (others). In
the second-generation (couples + unmarried children), the risk of CKD was 0.75 times lower (OR = 0.25,
Cl: 0.24-0.25, p <.001) than that in the first-generation (others). In the second-generation (single parents
+ unmarried children), the risk was 0.47 times lower (OR = 0.53, Cl: 0.52-0.55, p <.001) than that in the
first-generation (others).

A higher regional rate of moderate to high physical activity was associated with a lower risk of CKD. In
cities with higher rates of moderate to high physical activity, the risk of CKD decreased by 0.09 times (OR
=0.91, Cl: 0.91-0.91, p <.001). Conversely, a higher number of leisure and welfare facilities per 1,000
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elderly individuals was associated with an increased risk of CKD. The risk increased by 1.04 times (OR =
1.04, CI: 1.04-1.04, p < .001) in regions with many such facilities.

Table 7. Risk factors for CKD (= 65 years, N = 1276)
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Rainbow model

Age, sex
and

constitutional

Individual lifestyle

Social and community
networks

Living and working
conditions

Variable
Intercept

Sex (Men*)

Sex (Women)
Age

Diabetes Mellitus
Anemia (Yes)
Urine protein
Subijective health
evaluation (Yes)

General composition

1st generation (and so
on%*)

1st generation (one
person)

2nd generation (and so
on)

3rd generation or more
1st generation (Couple)

2nd generation (Couple
and unmarried child)

2nd generation (Lone
parent and unmarried
child)

Personal insurance
(Registered”)

Personal insurance
(Unknown)

Personal insurance (Not
registered)
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-8.18

-1.07

10

.30

91

1.80

.38

-1.05

-.82

-.61

-1.46

-1.40

-.63

-19.6

.36

S.E.

.038

.004

.000

.003

.004

.003

.002

.013

.013

.013

.012

.013

.014

199.843

.004

Sig.
<.
001

<.
001
<.
001
<.
001
<.
001
<.
001
<.
001

<.
001

<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
<.
001
922

<.
001

OR

.00

0.34

1.11

1.36

2.49

6.06

1.45

0.35

0.44

0.54

0.23

0.25

0.53

.00

1.43

95%
C.

0.34-
0.36

0.43-
0.45

0.53-
0.56

0.23-
0.24

0.24-
0.25

0.52-
0.55

1.42-
1.44




General socioeconomic Moderate or higher level -096 .001 <. 0.91 0.91-
cultural environmental 001 0.91
conditions of physical activity

practice rate

Number of elderly leisure .038  .000 <. 1.04 1.04-
and welfare facilities per 001 1.04
1000 elderly people

Note. Groups marked with an asterisk are the reference groups. CKD, chronic kidney disease

Discussion

Adult population (= 19 years)

In this study, we developed a CKD classification model using a machine learning algorithm for the adult
population. The boosting model demonstrated the highest performance in the adult population. This
evaluation aligns with previous machine learning studies on CKD, where boosting algorithms
demonstrated excellent performance [32,33]. Boosting sequentially learns from the given data while
supplementing the performance of the model [34-36]. Although boosting requires more analysis time
than that of other models due to its sequential learning process, this drawback is offset by its
performance improvement. This analysis technique enhances reliability and reproducibility, which are
essential in medical applications.

The risk factors for CKD were identified in the final boosting model for the adult population. The
identified biological factors include urinary protein, age, hypertension, diabetes, and anemia, with a
urinary protein having the greatest influence. Urinary protein, a key indicator of kidney damage,
accumulates when kidney function declines due to impaired protein filtration. Proteinuria is divided into
simple and disease-related proteinuria depending on its underlying cause, and its occurrence may not
always correlate with albuminuria due to differing mechanisms [37]. Since proteinuria does not always
indicate CKD, urinary protein was evaluated as a risk factor in this study, distinguishing it from
microalbuminuria, an indicator for CKD diagnosis. Studies report biological factors as key variables
[3,38,39]. Regarding work and living standards, CKD risk is higher in the nonprivate insurance group than
in the enrolled group. This finding aligns with that of previous studies showing a higher CKD risk in

the nonprivate insurance group [38]. Reducing medical expenses through private insurance may improve
CKD prevention, early detection, and treatment accessibility by facilitating regular checkups and
treatment [40]. For individuals with low living standards, policy support is needed to encourage them to
undergo the national health checkup, which includes a renal function test for adults aged 20 years or
older every 2 years, improving access to healthcare. Residential area (city/province) was identified as a
factor indicating the cultural, general, and social environment. In the capital city of Seoul, CKD risk varies
significantly by region. This finding aligns with that of a previous study showing that regional inequality is
associated with CKD [41] and highlighting the influence of sociodemographic indices [42]. Community
nursing staff should receive education on CKD risk factors and be categorized into risk groups to

Page 23/34



facilitate timely treatment when necessary. Policy efforts should focus on monitoring the CKD-related
therapeutic environment in each region in collaboration with regional medical institutions to address
disparities in healthcare access.

We also analyzed the mean dropout loss values for 54 variables, excluding the seven variables identified
as influential in the boosting model. The 54 variables were indirectly significant to the performance of
the model. As the rainbow model indicates, health results from multiple factors affecting it through
various methods and pathways [43]. Therefore, CKD-related policies for adults should prioritize changes
in biological factors and implement interventions that enhance individual capacity to reduce the effect.
Individualized health education and guidance should focus on lifestyle improvements, regular checkups
and management, as well as medication guidance to help individuals manage their disease, slow its
progression or prevent complications. In addition, support and guidance for checkups should align with
living and working conditions, while policy should address unmodifiable environmental factors, such as
general social, cultural, and environmental factors. Interventions should then gradually expand to
lifestyle factors and social networks, prioritized based on mean dropout loss value.

Elderly population (= 65 elderly individuals)

A CKD classification model for the elderly population aged = 65 years was developed using a machine
learning classification algorithm, with the Naive Bayes model demonstrating the highest performance.
This finding aligns with that of a previous study [44] reporting that the Naive Bayes

model exhibits sensitivity equal to or greater than that of other models in predicting CKD. Naive Bayes is
a data mining algorithm and one of the oldest machine learning classification techniques. It excels in
binary classification and it is commonly used for document or spam mail classification, demonstrating
excellent performance with large, high-dimensional data [45]. Naive Bayes is also an effective algorithm
in multivariate cases [24]. In the elderly population, major CKD risk factors such as hypertension and
diabetes are more clearly defined in adults, making the relatively simple Naive Bayes

model likely effective.

Variable importance was assessed using the mean dropout loss, the average loss function value in

the Naive Bayes model built for the elderly population. All 61 variables fall values within the range of
0.26-0.33, suggesting that the explanatory variables selected based on the rainbow model affect CKD in
elderly individuals. In addition, the interactions between variables were examined through logistic
regression analysis among the top 10 important variables.

In the Naive Bayes model developed for the elderly population, biological factors were identified as the
most influential variables. Women had a lower risk of CKD than men, while the risk increased with age,
diabetes, anemia, and proteinuria. Subjective health perception was identified as a lifestyle-related
variable in individual health behavior. The risk of CKD increases with poorer subjective health perception.
A previous study reports that positive health perceptions in elderly individuals were associated with
health behavior and survival rate [46]. Therefore, for individuals with low subjective health perceptions,
health services should be provided in vulnerable areas essential to enhance perception, promote positive
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health views through health education, nursing counseling, and health behavior improvement programs,
and, if necessary, increase the participation of patients in treatment and self-management.

Generational composition represents the social network variable, indicating whether a household
includes 1st, 2nd, or 3rd generations. This study showed that first-generation households have the
highest risk of CKD compared to that of other generational compositions. “First-generation other” refers
to all multi-person first-generation households, excluding single-person or couple-only households. This
category includes cohabiting individuals, unmarried adult siblings, and grandparent-grandchild
households. Grandparent-grandchild households consist solely of grandparents and grandchildren. In
the absence of the parent generation, grandparents assume parental roles and caregiving
responsibilities. In these first-generation households, emotional stability or security may be weak. This
challenge is particularly difficult for the elderly to overcome alone, posing a significant health risk.
Considering individual circumstances and unique family structures, enhancing medical accessibility
through public health center visits, linking social support, conducting regular health checkups and status
evaluations, and coordinating management plans with family members are necessary.

Private insurance status, a key factor in living and working standards, was also identified as a significant
variable, similar to the adult population. The greater risk of CKD among those without private insurance
highlights the need for policies that enhance medical accessibility for elderly individuals with lower living
standards. Elderly people without private insurance may neglect health checkups or management after
retirement, underscoring the need for appropriate medical support.

Social, cultural, and environmental factors include the rate of moderate to high physical activity and the
number of elderly leisure welfare facilities per 1,000 elderly people. A higher rate of moderate to high
physical activity correlates with a lower CKD risk. Exercise benefits both physical and renal function in
elderly people with CKD [47]. Therefore, encouraging moderate to high levels of physical activity at the
community level or creating supportive environments can aid in CKD prevention and management in the
elderly. These findings suggest the effect of community environments on health behaviors and CKD,
emphasizing the need for local government health policies to promote physical activity among the
elderly.

Contrary to expectations, CKD risk increases with the number of elderly leisure welfare facilities per
1,000 elderly individuals. This may be due to the natural increase in CKD prevalence with a growing
elderly population. As of 2021, Statistics Korea reports an average of five elderly leisure welfare facilities
per 1,000 elderly individuals nationwide. Regional figures vary, with 15 in Jeonnam, 12 in Jeonbuk, 10 in
Chungnam, Chungbuk, and Gyungbuk, nine in Gyungnam and Sejong, seven in Gangwon, four in Gwangju
and Ulsan, three in Busan, Daegu, Daejeon, and Jeju, and two in Seoul and Incheon [48]. A higher number
of elderly leisure welfare facilities also indicates a larger elderly population in the area. Jeonnam had the
highest proportion of elderly individuals nationwide at 24%, followed by Gyungbuk at 23%, Jeonbuk and
Gangwon at 22%, Busan and Chungnam at 20%, Chungbuk at 19%, Daegu and Gyungnamat 18%, Seoul at
17%, Jeju at 16%, Incheon, Gwangju and Daejeon at 15%, and Ulsan and Gyeonggi at 14% [49]. Beyond
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the number of leisure welfare facilities, their quality may also contribute to CKD risk. Inactive programs
due to insufficient facility operation or management or structural limitations that hinder the transition
from leisure activities to health management may contribute to CKD risk. Therefore, expanding leisure
welfare facilities should be accompanied by program improvements that directly support health
management. Programs should consider the health status of elderly individuals, and an environment that
encourages active participation should be established to enhance health outcomes.

In the elderly population model for those aged = 65 years, community health-related database and social
network variables have a relatively greater effect than those in the adult population model. Elderly
individuals are more influenced by community health-related factors than those of younger generations.
Elderly individuals may be excluded from policies due to retirement or limited access to information,
making them vulnerable to inadequate health checkups. Therefore, securing a budget and implementing
policies to ensure CKD screening for elderly individuals is essential. To address the growing elderly
population, nursing plans and support measures should incorporate environmental factors and social
support systems.

General Discussion

This study showed that major risk factors for CKD identified in previous studies were significant
variables in the CKD classification algorithm for both adults and elderly individuals. The boosting model
for adults and the Naive Bayes model for the elderly effectively capture the key variables in CKD
prediction, producing reliable results by accounting for differences in prevalence and health behaviors
between the two populations. In machine learning, selecting an appropriate model that aligns with the
characteristics of the problem is essential. Implementing these developed machine learning
classification models in clinical nursing settings can extend the role of nursing beyond traditional
human-centered care [50].

This study is significant because, unlike previous studies that primarily focused on individual
physiological indicators, it selects variables based on theoretical foundations to develop a CKD
classification model and examines the interactions among various influencing factors. This approach
differs from those of previous studies by identifying multidimensional CKD risk factors and enabling
personalized nursing and preventive interventions. In addition, this study is valuable as it integrates all
four major areas of nursing, i.e., research, education, policy, and practice, enabling a multidimensional
approach.

The study has some limitations. First, the use of cross-sectional survey data makes it difficult to identify
the temporal relationship between risk factors and CKD prevalence. Second, the analysis was limited to
factors collected from the National Health Survey and community database, excluding some potential
risk factors. Third, the data preprocessing process did not ensure population and analysis group
homogeneity (see additional file). Machine learning classification algorithms can be continuously
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improved and supplemented through additional learning. Further training, analysis, and comparisons are
necessary to enhance various aspects of the developed model.

Conclusion

This study was conducted to develop a CKD classification model and identify key risk factors affecting
CKD by integrating a community database with the 2021 KNHANES. Using the rainbow model, key
factors affecting CKD served as explanatory variables, and six machine learning classification analyses
were applied to develop a CKD classification model.

This study showed boosting as the most predictive CKD classification model for individuals aged > 19
years and Naive Bayes for those aged = 65 years. The selected model effectively classified CKD,
confirming the influence of variables selected based on the social decision model.

The CKD classification machine learning model developed in this study serves as a foundation for
nursing practice. It can identify CKD risk factors, predict at-risk groups, establish nursing plans for
patients, and provide personalized care and education.
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Figure 1

Dahlgren and Whitehead’s rainbow model (2007) [40]
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Flow Chart of the Participants
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