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Abstract
Background Despite the National Health Insurance (NHI) system implemented in South Korea, concerns persist 
regarding access to health coverage for low-income households. To address this issue, this study aims to use 
machine learning-based data mining techniques to classify whether such households will face catastrophic health 
expenditures (CHEs).

Methods A total of 4,031 low-income people were extracted using 2019 data from the Korea Health Panel Survey. 
The classification model was developed using four machine learning algorithms: Random Forest, Gradient boosting, 
Decision tree, Ridge regression, Neural network, and AdaBoost. Ten-fold cross validation was carried out to ensure the 
reliability of the analysis results. The model was evaluated based on the Area Under Receiver Operating Characteristics 
(AUROC) as well as accuracy, precision, recall, and F-1 score.

Results The study’s findings revealed that the incidence of CHE was 26.2% in low-income households. The AdaBoost 
model had the highest classifiable power. It showed AUROC of 89.8%, accuracy of 83.1%, precision of 82.4%, recall of 
83.1, and F1 score of 82.1%. The study found that economic activity, chronic disease, and age were significant factors 
that could lead to CHEs. Therefore, individuals over 65, with chronic conditions, and unemployed had the highest 
likelihood of developing CHE.

Conclusion It is essential to identify low-income households that are at risk of CHEs in advance before facing the 
economic burden. This research is expected to provide fundamental data that can aid in developing an integrated 
support program to prevent and manage CHEs more effectively.
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Background
Catastrophic health expenditures (CHEs) have been an 
everlasting phenomenon worldwide. Although South 
Korea provides health security with the National Health 
Insurance, the social insurance covering all citizens and 
managed by a single insurer, issues regarding health 
security have constantly been raised, particularly in low-
income households [1, 2]. Thus, it is necessary to mea-
sure how much economic loss a household suffers from 
medical expenses, analyzing its CHEs; the CHE is a 
representative indicator of how much medical expenses 
have been spent compared to the household’s ability to 
pay, which means that the share of medical expenses in 
household income is above a certain level [3].

According to previous studies, it is reported that when 
CHE occurs, the risk of financial hardships and poverty 
increases [4]. Most importantly, expenses tend to be 
high in low-income households since medical services 
are associated with low-income elasticity [5]. As the 
high medical expenditure is unavoidable, rising medi-
cal expenses are becoming fatal in certain low-income 
households [6]. According to Choi et al., between 2010 
and 2015, the rate of CHE in Korea decreased from 0.9 
to 0.5% for households earning 150% or more of the 
standard median income; however, households earning 
less than 50% of the standard median income increased 
from 10.0 to 12.8%, verifying the proportion of CHEs in 
low-income groups was high [7]. The incidence of CHEs 
is expected to be low when public health expenses are 
high, and the proportion of out-of-pocket (OOP) medi-
cal expenses is low; however, in the case of Korea, it is 
reported that there are numerous non-coverage items 
and high co-payments due to rapid population aging, an 
increase in chronic diseases, and the emergence of new 
medical technology [8]. Comparing the size of household 
OOP payments by Organization for Economic Coop-
eration and Development (OECD) major countries and 
individuals over the past three years, South Korea ranked 
second in 2020, third in 2021, and 2022. It was reported 
to be the country with the 4th highest medical expenses 
[9].

A combination of various factors causes CHEs, and it 
is known that age, number of household members, eco-
nomic activity, chronic diseases, and subjective health 
awareness are affected [10–13]. According to Zhang et 
al., it is likely to experience CHEs for those with lower 
income levels, poorer subjective health awareness; have 
low economic activity; have several chronic diseases, 
and aged [10]. The risk of CHEs was higher in Malaysia 
if women were the heads of the household; families lived 
in rural areas and had fewer household members [11]. 
Moreover, those having lower educational levels, experi-
ences of depression, and experiences of being unsatisfied 
with medical services have been known to have a higher 

probability of CHEs [12, 13]. Until now, it appears that 
most of the studies analyzed factors affecting the occur-
rence of CHEs targeting general adults or patients with 
specific diseases.

Therefore, the aim of this study is to classify the occur-
rence of CHE in low-income households using data min-
ing techniques. Hence, it is essential to detect risk factors 
in advance before CHEs occur and prevent them from 
falling into poverty through appropriate management 
and support [14]. Data mining has higher accuracy in 
classifying results than other methodologies and is widely 
used in diagnosing and classifying various diseases in the 
medical field [15]. More importantly, this study should 
be able to provide fundamental data for developing an 
integrated program to prevent and manage CHEs in low-
income households in Korea.

Methods
Data source and study population
This research utilized the Korea Health Panel Survey 
(KHPS), which is a nationally conducted survey that 
provides in-depth information on household members’ 
medical usage patterns, medical expenses, and factors 
influencing medical usage and expenses. The study’s final 
analysis involved adults who were 18 years or older, uti-
lizing data from the 2019 KHPS based on specific criteria. 
Firstly, individuals who had previously received medical 
services such as hospitalization, outpatient services, and 
emergency visits were excluded. Secondly, those whose 
income exceeded 100% of the standard median income in 
2019 were also excluded. Standard median income refers 
to the person standing in the center when all citizens are 
lined up in order of income [16]. The Korean govern-
ment’s CHE program is a well-known medical expense 
support service for socially vulnerable groups, primar-
ily for individuals or households with a standard median 
income below 100%. Therefore, only those with low-
income households were selected as participants based  
on the income standard for the CHE program. In the 
final analysis, a total of 4,031 participants were included 
(Fig. 1).

Data availability and ethics statement
The KHPS data are available, and researchers can down-
load the raw data upon request  (   h t t p s : / / w w w . k h p . r e . k 
r : 4 4 4     ) . The raw KHPS data do not include any personal 
information. This study was reviewed and approved by 
the Korea University Institutional Review Board (IRB No. 
2023-0043).

Variables
Target variables
The focus of this study is to determine whether or not 
CHE has been incurred. The most widely known Wagstaff 

https://www.khp.re.kr:444
https://www.khp.re.kr:444


Page 3 of 13Ji et al. BMC Health Services Research         (2025) 25:1040 

& van Doorslaer method, the standard measure to quan-
tify income-related inequalities in health economics, 
was used [17]. The total household income is used as the 
denominator, which is generally defined as the ability 
to pay. The KHPS provides the total household income 
as one variable, including all income within the house-
hold, such as earned income, property income, pension 
income, financial income, private transfers, etc. The OOP 
expenses, which correspond to the numerator, mainly 
include the minimum OOP expenses at medical institu-
tions [18]. The OOP pay comprises emergency medical 
expenses, inpatient medical expenses, outpatient medical 
expenses, emergency prescription drug costs, inpatient 
prescription drug costs, and outpatient prescription drug 
costs. Overall, CHEs are considered to have occurred 
when the proportion of OOP expenses compared to the 
ability to pay exceeded a certain level [17, 19].

 

Catastrophic Health Expenditure

= Out of Pocket

Total household income
≥ 10%

This study determined that CHE occurs when medical 
expenses exceed 10% of ability to pay based on previous 
research [18, 20]. There is no clear consensus on whether 
CHEs have occurred so far [21]. In general, 10% and 40% 

thresholds are used a lot [22, 23]. When comparing CHE 
rates between countries, 40% is mainly used, and 10% is 
used when research is conducted on a small individual 
basis [24]. However, it is noted that this threshold can be 
interpreted differently depending on the circumstances of 
a country [25]. The threshold level of 10% is widely used 
as a minimum baseline in numerous studies [17, 19–21]. 
Therefore, to increase comparability between studies, 
this study also selected 10% as the threshold level.

Input variables
The study used certain input factors which are explained 
below. Gender was divided into male (0) and female (1), 
and age was 18–64 (0) and over 65 (1), based on 65 years 
of age. The education level was categorized as elemen-
tary school (0), middle school (1), high school (2), and 
bachelor’s degree or higher (3). The household size was 
classified as one person (0), two people (1), and three or 
more people (2). Marital status was categorized as mar-
ried (0) and single (1). The economic activity was catego-
rized as employed (0) and unemployed (1). In addition, 
subsidies, which are cash services provided by govern-
ment and private organizations, were classified as either 
received (0) or not received (1). Private medical insur-
ance was categorized as enrolled (0) or not enrolled (1). 
Disability, chronic disease, unmet medical experience, 

Fig. 1 Flow diagram of the participants selection

 



Page 4 of 13Ji et al. BMC Health Services Research         (2025) 25:1040 

and depression were classified as either present (0) or 
absent (1). Further, the study categorized participants 
into those with and without disabilities based on whether 
a physician assigned them a disability grade. Chronic dis-
ease was defined as the use of medication for more than 
six months [26]. Assessing the unmet medical care, the 
participants were asked whether required any treatment 
or examination at a hospital or clinic in the past year 
but could not receive it, excluding dentistry services. An 
unmet medical need was recorded if the answer to the 
question was yes, indicating one or more experiences 
that did not receive the required medical care. Depres-
sion, defined as a subjective feeling that individuals, was 
assessed as present or absent. Lastly, perceived health 
awareness was measured on a 5-point Likert scale with 
the question, ‘How do you think your health is in gen-
eral?’, with higher scores indicating higher subjective 
health awareness.

Statistical analysis
The frequency analysis, chi-square test, fisher test and 
machine learning techniques were used for this study. 
First, frequency analysis and chi-square test, fisher test 
were performed to verify whether statistical differences 
occurred depending on the demographic characteristics 
of the study participants and the occurrence of CHE. Sec-
ond, Random Forest, Gradient boosting, Decision tree, 
Ridge regression, Neural network and AdaBoost were 
used to build a classification model for the occurrence of 
CHE for low-income households. Neural Network is one 
of the most widely used machine learning methodologies 
that classify the category of a target factor by combining 
input factors with a non-linear model, delivering to each 
hidden unit while providing the combination of hidden 
units to the output unit [27]. In this study, multilayer per-
ceptron of neural networks was used, and a backpropaga-
tion algorithm was used to reduce errors [learning ratio: 
9:1, batch size: 10, epochs: 500]. Decision Tree classifies 
the categories of target factors by charting decision rules 
as a tree structure. Since it is expressed in a tree struc-
ture, it is easy to interpret the classification results and 
has the advantage of being able to obtain information 
on significant classifiable factors [28]. In this study, the 
CART (classification and regression tree) algorithm was 
used. Specifically, the Gini Index was used as the sepa-
ration criterion, and the maximum tree depth was des-
ignated as 100, and the number of cases of the upper and 
lower nodes was designated as 20 and 5, respectively. 
Ridge Regression is a well-established method to tackle 
the multi collinearity problem [29]. It involves the intro-
duction of some bias into the regression equation to 
reduce the variance of the estimators of the parameters. 
Random forest has been reported to have relatively high 
predictive power and model stability when performed on 

data that contains a large number of input variables [30]. 
Detailed tuning was conducted to find the most suitable 
model in this study [n_estimators:10, max_features: auto, 
min_samples_split:5, others are set to defaults]. Gradi-
ent boosting has been reported to have a low probability 
of overfitting and a high classifiable performance when 
combined with a variety of algorithms, such as deci-
sion trees, neural networks based on boosting [31]. In 
this study, a combination of hyperparameters represent-
ing optimal results was derived through random search 
[number of trees: 100, learning rate: 0.1, limit depth of 
individual trees: 3, do not split subsets smaller than: 
2, others are set to defaults]. AdaBoost also known as 
Adaptive Boosting, is a boosting algorithm that is widely 
used to refine imbalanced data and used as an Ensemble 
Method in Machine Learning. AdaBoost is an advanced 
ensemble algorithm with a high detection rate and is less 
prone to overfitting [32]. In this study, a decision tree 
was used to increase the speed and performance of weak 
learners [base estimator: tree, number of estimators: 50, 
learning rate: 1.0, classification algorithm: SAMME.R].

To develop and evaluate the classifiable model, the 
k-fold cross validation method was applied to ensure the 
reliability of the results. We adopted the tenfold cross 
validation in which the original sample is randomly par-
titioned into 10 subsamples of equal size. A single sub-
sample is retained as the validation data for testing the 
model, and the remaining nine subsamples are used as 
training data. And then the cross-validation process 
is repeated ten times with each of the ten subsamples 
employed exactly once for the validation. And feature 
selection to determine the relative importance of clas-
sifiable factors that led to the occurrence of CHEs in 
low-income households, Wrapper’s stepwise backward 
elimination was employed to identify the optimal model. 
This step involved removing the least relevant factors in a 
sequential manner. This model was evaluated according 
to its Area Under the Receiver Operating Characteristic 
(AUROC) as well as its accuracy, precision, recall, and 
F-1 score. The analysis was performed using R and SAS 
Enterprise Miner.

Results
General characteristics
Table  1 presents the demographic characteristics of the 
study participants and the differences in occurrences of 
CHE. First of all, regarding gender, that men (n = 2,775; 
68.8%) accounted for a larger proportion than women 
(n = 1,256; 31.2%). In terms of age distribution, 2,806 indi-
viduals, making up 69.6% of the population, were over 
the age of 65. In addition, 1,321 people (32.8%) had an 
elementary school diploma, while 1,178 people (29.2%) 
had a high school diploma as the highest level of educa-
tion. Two people were the most common when asked 
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about the number of household members, at 1,892 peo-
ple (46.9%). Regarding marital status, 2,471 (61.3%) were 
married, and 2,421 (60.1%) were revealed as employed. In 
relation to subsidies, 3,610 people (89.6%) showed that 
most were receiving subsidies. Regarding private medical 
insurance enrollment, 2,350 people (58.3%) accounted for 
more than half; most people (n = 3,574; 88.7%) reported 
having no disability. Further, 3,100 people (76.9%) indi-
cated having chronic diseases, and 3,505 people (87.0%) 
stated not having unmet medical needs. Additionally, it 
was demonstrated that approximately 91% of people did 
not have depression. The study participants had a per-
ceived health awareness level of 3.1, which was higher 
than the average (1–5 points, SD: 0.87). Lastly, after 
examining the demographic characteristics of the study 
participants and the occurrence of CHEs, significant dif-
ferences were found in all variables except marital status 
(X2 = 0.647, p < 0.005).

Feature importance
The relative importance of classifiable factors contrib-
uting to classifying CHE in low-income households, 
which is the purpose of this study, was examined using 
feature selection. The higher the importance ranking of 

the classifiable factor, the greater its influence on classify-
ing CHE. Among the variables in this study, the highest 
top ranking was confirmed to be the economic activities, 
chronic disease, age. This finding suggests that economic 
activities, chronic disease, age are the most significant 
factors in classifying low-income CHE compared to other 
factors. Subsequently, marital status and the number of 
household members were found to be ranked high. On 
the other hand, perceived health awareness, disability, 
and unmet medical needs were displayed to be distrib-
uted in low rankings Table 2.

Table 1 General characteristics of the participants and differences in CHEs
Variables N = 4,031 (100%) Occurrence of CHE (26.2%) X2

Sex Men 2775 (68.8) 17.1 7.600**

Women 1256 (31.2) 9.1
Age 18–64 1225 (30.4) 3.9 159.511***

65 and older 2806 (69.6) 22.3
Educational level elementary school 1321 (32.8) 10.9 77.530***

middle school 765 (19.0) 5.5
high school 1178 (29.2) 6.6
college or higher 767 (19.0) 3.2

Number of Household members 1 1079 (26.8) 7.7 115.089***

2 1892 (46.9) 14.8
3 or more people 1060 (26.3) 3.7

Marital status Married 2471 (61.3) 15.8 0.647
Single 1560 (38.7) 10.4

Economic status Employed 2421 (60.1) 12.1 118.407***

Unemployed 1610 (39.9) 14.1
Subsidies yes 3610 (89.6) 24.7 34.817***

no 421 (10.4) 1.5
Private health insurance yes 2350 (58.3) 12.8 50.876***

no 1681 (41.7) 13.4
Disability yes 457 (11.3) 4.4 43.162***

no 3574 (88.7) 21.8
Chronic disease yes 3100 (76.9) 23.5 129.876***

no 931 (23.1) 2.7
Unmet medical needs yes 526 (13.0) 3.9 4.554*

no 3505 (87.0) 22.3
Depression yes 359 (8.9) 2.9 9.001**

no 3672 (91.1) 23.3
P*<0.05, p**<0.01, p***<0.001

Table 2 The significance of the variables that impact the CHEs
Variables Ranking Variables Ranking
Economic activities 1 Education level 8
Chronic disease 2 Subsidies 9
Age 3 Depression 10
Marital status 4 Perceived health 

awareness
11

Number of household 
members

5 Disability 12

Private health insurance 6 Unmet medical 
needs

13

Gender 7
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Classification model performance
This study employed various classification techniques, 
including random forest, gradient boosting, decision 
tree, ridge regression, neural network, adaBoost machine 
analysis, to develop a classification model that accurately 
classifies CHE in low-income households. Tables  3 and 
4 displays the results of the classification analysis. The 
method used was Wrapper’s stepwise elimination, which 
was applied sequentially to the factors’ relative impor-
tance identified in Table  2. The analysis revealed that 
the adaBoost algorithm had a higher AUROC than the 
other three algorithms. Specifically, the AUROC for the 
Random Forest was 84.9%, for Ridge Regression analysis, 
68.7%, for Gradient boosting, 73.5%, for Decision tree, 
84.5%, and for Neural network, 78.5%. As the number 
of input factors increases in decision trees, the AUROC 
tends to improve. When all 13 factors were used, the 
AdaBoost demonstrated 89.8% AUROC, 83.1% Accuracy, 
82.4% Precision, 83.1% Recall, 82.1% F1 score (Fig. 2). To 
ensure that the main outcome was reliable and robust, a 
sensitivity analysis was conducted by dividing the depen-
dent variable, CHE incidence, into three thresholds (20%, 
30%, 40%); the analysis revealed that the main outcome 
did not change in Tables 5, 6, 7, 8, 9 and 10.

Discussion
The purpose of this research was to investigate whether 
certain factors were linked to the appearance of CHEs in 
low-income households. Machine learning techniques 
were used to develop an accurate classification model. 
The analysis showed that the AdaBoost was the best 
model for classifying the occurrence of CHEs in low-
income households. The study also identified several sig-
nificant factors that influenced the incidence of CHEs, 
such as economic activity, chronic disease, age, the num-
ber of household members, marital status, disability sta-
tus, and perceived health awareness. The main research 
findings can be summarized as follows.

The study’s findings revealed that the incidence of CHE 
was 26.2% in low-income households. This is a significant 
difference compared to the incidence of CHE, which was 
3.9% (in 2020, with a threshold of 40% or higher) among 
the general population in Korea [33]. Looking at the 
characteristics of the population that experienced CHE 
in this study, it was found that older adults, those with 
lower education levels, those with chronic illnesses, and 
those receiving subsidies experienced CHEs. In sum-
mary, CHE occurs more frequently in specific groups 
than in general groups. Importantly, the characteristics 
of the group experiencing CHE need to be identified and 
regularly investigated and managed.

After applying Wrapper’s step-by-step elimination 
method, the AdaBoost was found to have the highest 
classifiable power (89.8%) for determining the relative Ta
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importance of influencing factors when classifying CHEs 
in low-income households. These findings are similar to 
studies with the highest predictive power of AdaBoost 
(95.30%) by applying five machine learning techniques 
(logistic regression, support vector machine, random for-
est, XGBoost, and AdaBoost) to predict employee pro-
motion [34]. Another study compared various algorithms 
such as naive bays and decision tree for heart disease 
prediction and found that the ensemble technique ada-
Boost showed the highest accumulation when applying 
adaBoost [35]. In addition, a study that made customer 
turn predictions in the e-commerce industry reported 
that adaBoost showed the highest predictive power [32].

After using the Feature Selection to identify major 
risk factors associated with a high likelihood of devel-
oping CHEs, economic activity, chronic disease and age 
emerged as critical factors. According to another study 
that examined the trends in the incidence of CHEs, 
older people with chronic diseases were identified as the 
group with the highest risk of incurring CHEs [7]. In a 
study that compared the factors affecting the occurrence 
of CHEs between urban and rural areas, the main com-
mon factor was found to be employment status, whether 
the person was employed or unemployed [5]. Specifically, 
the study revealed that the incidence of CHEs tends to 
increase in low-income households [27, 36].

Consequently, AdaBoost can effectively handle com-
plex predictors and show superior performance com-
pared to other classification techniques. With that said, 
it may be beneficial to systematically screen and manage 
risk groups for CHEs. The community can be screened 
in two stages, with the first stage identifying groups at 
risk of CHEs, such as those who frequent public health 
centers and community-care centers. In the second stage, 
systematic management can be provided to prevent 
unnecessary medical expenses by identifying the causes 
of CHEs and fostering improvements through in-depth 
consultation and appropriate support. That said, it may 
be essential to establish social networks to maintain con-
tinuous management with the local community. In the 
long term, a health management program will be neces-
sary for factors that can be modified through education, 
such as lifestyle habits. There is a policy to systematically 
manage chronic diseases such as high blood pressure and 
diabetes with a focus on primary health care in South 
Korea. Therefore, it may be worth considering expanding 
the target and scope of the policy.

While private health insurance did not seem to be a 
major factor in this study, its importance should not be 
overlooked. Previous research has found that individuals 
with private health insurance are less likely to face finan-
cial ruin from medical expenses compared to those with-
out coverage [26, 37].
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Above all, active support was found crucial for enabling 
low-income households to engage in economic activ-
ity. Thus, it is necessary to implement a support policy 
that encourages independent economic activity rather 
than simply providing subsidies for medical expenses in 
the long run. In South Korea, low-income households 
have access to support services for medical and living 
expenses, but the scale of support could be higher. In 
addition, substantial services cannot be expected as ser-
vices that enable self-reliance are not provided. There-
fore, taking proactive steps beyond providing income 
support and implementing various measures to facilitate 
economic activities is necessary. An expansion of a gov-
ernment initiative, the Senior Employment Project, could 
be a plausible option to consider. This scheme offers 
employment counseling and job-specific training to help 
seniors become independent. It also provides job infor-
mation and resources that cater to the unique needs and 
abilities of the older population [38]. The results of this 
study can help expand support by considering the char-
acteristics of the risk group for CHEs.

Finally, the limitations of the study are as follows. First, 
this study was conducted as a cross-sectional study, and 
it is difficult to identify the causal relationship over time. 
Second, much detailed characteristics of low-income 

households were not considered in the impact of medi-
cal expenses. For instance, within the low-income house-
holds, the relative severity varies depending on age, 
gender, residence, and medical insurance type; therefore, 
the occurrence of CHEs is likely to show different pat-
terns. In future studies, it will be necessary to classify and 
analyze these factors. Third, one of the main limitations 
is the generalizability of the findings. This is because 
there is a lack of research on creating classification mod-
els for the occurrence of CHEs targeting low-income 
households. Thus, it was difficult to compare whether 
the results of this study were reasonably understand-
able. Fourth, the group can change depending on how 
you configure the Threshold setting (10-40%). Using a 
threshold of 40% instead of 10% identifies less risky fac-
tors and risk groups for CHE. As this study focuses on 
low-income households that are vulnerable to CHE, we 
decided that 10% is appropriate to identify more sensi-
tive groups. Fifth, although the AUROC in this study is 
similar when compared to previous studies, the relatively 
disproportionate number of CHE experiences may be 
responsible for the reduced AUROC. Nevertheless, the 
study holds significance as it examines CHEs in low-
income households and identifies risk groups by develop-
ing the classification model.

Fig. 2 The AUROC of CHE classification models using various machine learning algorithms
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Conclusion
The purpose of the study was to find an optimal classifi-
cation model regarding the occurrence of CHE based on 
the factors and causes identified in previous studies. To 
the best of the authors’ knowledge, this study may be the 
first to utilize machine learning techniques for the classi-
fication model for the occurrence of CHEs in low-income 
households in South Korea. As a result, the AdaBoost 
had the highest classifiable power, and the top factors 
were found to be that affected the occurrence of CHEs 
were identified as economic activity, chronic disease, and 
age. Notably, the influencing factors on the occurrence 
of CHEs in low-income households may vary according 
to gender and age group, suggesting the need for further 
research.
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