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Study on the influencing factors and prediction of the medical cost of
chronic renal failure in China based on a decision tree algorithm

Aijing Luo12, Pingping Dai1, Weifu Chang13, Zirui Xin13, Haiwei Cheng4,Yangwei Ou13

ABSTRACT
Purpose: The objective of this study is to explore the factors that affect the
hospitalization costs for patients with chronic renal failure (CRF) and to extract
relevant characteristics for modeling, so as to make predictions about hospitalization
costs for CRF patients.
Methods: This study collected the data on the first page of the 2014 medical records
of three first-class tertiary hospitals in Beijing. Using IBM SPSS Modeler software,
we used the chi-squared automatic interaction detector (CHAID) and classification
and regression tree (CART) algorithms to construct a prediction model of the
hospitalization costs for CRF patients and conducted a comparative analysis. The data
of the 1819 cases in this study included the index variables on the first page of the
medical records, which covered social economics, clinical characteristics, and medical
consumption. The input variables included medical payment method, sex, age, marital
status, length of hospital stay, main diagnosis, number of other diagnoses, major
surgery, and number of surgeries. The target variable was the total medical expense.
Results:Our results showed that medical payment method, sex, age, marital status,
length of hospital stay, main diagnosis, number of other diagnoses, major surgery, and
number of surgeries all had an effect on hospitalization cost. There was no significant
difference in the prediction models of the total hospitalization cost constructed using
the CHAID and CART algorithms.
Conclusions:Major surgery and length of hospital stay were important predictor
variables for modeling with both CHAID and CART algorithms. The length of
hospital stay should be included in the grouping variables when disease-related
grouping and prediction of medical costs are done for CRF patients.
Keywords: decision tree; CHAID algorithm; CART algorithm; chronic renal failure;
hospitalization costs; influencing factors; prediction.

Background
Chronic renal failure (CRF) refers to chronic progressive renal parenchymal

damage of various causes, resulting in significant atrophy of the kidney and its
inability to maintain basic function. It is a clinical syndrome characterized by the
main clinical manifestations of retention of metabolites and water, electrolyte and
acid-base disorders, and the involvement of other organ systems. CRF has become a
major public health problem worldwide. CRF can occur in all age groups, and there is
much diversity in the affected population [1]. With the improvement of people's living
standards, the incidence of CRF is increasing year by year, and CRF has become one
of the major chronic diseases affecting the health of Chinese people. In 2010, a
systematic report of kidney data of the United States showed that medical insurance
expenditures in the United States were $29 billion in 2009, accounting for
approximately 6% of the annual medical budget. A study by the Korean Society of
Nephrology also showed that the incidence of end-stage renal disease in Korea is 70%
of that in the United States, and the number of patients is increasing year by year, with
the cost of treatment also increasing accordingly. Thus, the increase in the number of
CRF patients has significantly added to the pressure on the medical budget [2-6].



The treatment of CRF includes conservative medical treatment and surgical
treatment, such as continuous peritoneal dialysis, hemodialysis, and kidney
transplantation. The cost of treatment varies greatly between treatments. The cost of
hospitalization for CRF patients with different comorbidities and concomitant
diseases is also different [7-10]. The study by Khan S of Tufts University School of
Medicine in Boston found that secondary hyperparathyroidism was associated with
high costs for CRF patients with cardiovascular complications [11]. The findings by
Zhao Y et al. suggested that medical insurance payment coverage would affect the
medical cost of hospitalization. [12] Different medical insurance reimbursement
payment systems can affect the choice of treatments for end-stage renal disease,
thereby affecting the allocation of relevant resources and ultimately the national
medical budget [13]. Thus, many factors affect the hospitalization costs of CRF
patients, and the patient grouping and medical insurance payment standards are more
complex, necessitating further investigation [14].

Data mining is a process of extracting implicit and potentially useful information
and patterns for decision-making from vast amounts of noisy and messy data by
various methods. According to the discipline to which the algorithm belongs, data
mining algorithms can be divided into machine learning algorithms and statistical
learning algorithms. Data mining algorithms have been extensively applied, and
machine learning algorithms and traditional statistical learning algorithms each have
their own advantages. For example, the use of electronic medical records has
generated a large number of clinical medical datasets that do not meet the
assumptions of parametric methods in traditional statistics and have diverse types of
data, but these clinical datasets can be mined and analyzed using machine learning
algorithms.

In this study, inpatients with CRF in three tertiary first-class hospitals in Beijing
were selected as the study subjects. IBM SPSS Modeler software was used to analyze
the influencing factors of the hospitalization cost of CRF patients and conduct a
grouping study to analyze the reference value of medical costs in each group, so as to
provide a reference basis that relevant medical decision-making departments could
use to control the unreasonable growth of medical expenses and medical insurance
payments.

Methods
Data collection

The data were derived from the first page of medical records in three first-class
tertiary hospitals, and the inpatients whose main diagnosis code (ICD-10) for the
discharge diagnosis was N18 (CRF) in 2014 were selected to generate a dataset of
1819 patients.

Guided by related reports [15-19], we included three index variables found on
the first page of the medical records: social economics, clinical characteristics, and
medical consumption. The input variables included medical payment method, gender,
age, marital status, the length of hospital stay, main diagnosis, the number of other
diagnoses, major surgery and operation and the number of surgeries. The target
variable was the total medical cost (Table 1).

Table 1 Variables in the research
Variables Variable assignment or variable description Type of variable

Socioeconomic variables

Medical payment method 1 = Medical insurance; 2 = poverty relief; 3 = full public expense; Nominal Variables



4 = full self-pay; 5 = Other.

Sex 1 = male; 2 = female. Marker variable

Age Age values of each patient. Continuous variables

Marital status 1 = unmarried; 2 = married. Nominal Variables

Variables of Clinical

Characteristics

Main diagnosis 1 = CRF; 2 = the uremia stage of CRF; 3 = the azotemia stage of

CRF; 4 = chronic kidney disease stage 1; 5 = chronic kidney

disease stage 2; 6 = chronic kidney disease stage 3.

Nominal Variables

Number of other

diagnoses

Number of other diagnoses for each patient during hospitalization. Continuous variables

Major surgery 0 = None; 1 = Kidney transplantation; 2 = Hemodialysis; 3 =

Electrocardiogram (ECG); 4 = Medical preparation for renal

dialysis; 5 = Arteriovenous fistula repair for renal dialysis; 6;

Peritoneal dialysis; 7 = Venipuncture; 8 = Ultrasound-guided

puncture renal biopsy; 9 = computed tomography (CT)

examination; 10 = Ultrasonography; 11 = Nuclear magnetic

resonance examination; 12 = Oxygen inhalation; 13 = Other

surgical procedures; 14 = 24-hour blood pressure monitoring.

Nominal Variables

Number of surgeries Number of surgeries and operations performed for each patient

during hospitalization.

Continuous variables

Medical consumption

variables

Length of hospital stay Length of hospital stay during hospitalization for each patient. Continuous variables

Total medical expenses The total medical cost for each patient during hospitalization. Continuous variables

Analytic tool selection
In this study, IBM SPSS Modeler software was used to perform pre-preparation

and preprocessing of the collected data. The chi-squared automatic interaction
detector (CHAID) algorithm and the classification and regression tree (CART)
algorithm were used for modeling and analysis.

The CHAID algorithm was proposed by Kass et al. in 1980. It is a
self-stratification method based on the target variable. It takes the dependent variable
as the root node, categorizes each independent variable, and calculates the categorical
chi-squared value. If the categorizations of several variables are all significant, the
significances of these categorizations are compared, and then the independent
variables in the significant categorizations are selected as the child nodes. Finally, the
corresponding decision tree is obtained by repeatedly categorizing the data.

The CART algorithm was proposed in 1984 by Breiman et al. of Stanford
University and the University of California, Berkeley. During the growth of CART,
corresponding calculation is needed for each input variable to determine the optimal
grouping variable. However, the calculation strategies of the classification tree and
regression tree are different, and there are also differences in the calculation strategies
between the numerical input variables and the categorical input variables [20].

The reason we chose the CHAID algorithm and the CART algorithm was that the
input variables and output variables of these two algorithms can be both categorical



and numerical, a feature that met the requirement for data types in this study. The
output variable of this study, the total medical cost is a numerical variable. Therefore,
in this study, we mainly used the CHAID algorithm and CART algorithm to perform
regression prediction analysis.

Results
In this study, IBM SPSS Modeler software was used to process and analyze the

dataset, and the analysis results were as follows.

Assessment and adjustment of data quality
The missingness, outliers, and extremes of the dataset of the 1819 cases collected

in this study were assessed. The completeness of the data of these 1819 cases was
good, with no missingness, but there were some outliers and extremes. For example,
age, length of hospital stay, and total medical cost all had individual outliers or
extremes. To prevent outliers and extremes from affecting our data analysis results,
the outliers and extremes were corrected. The correction method was to replace the
outliers with the normal values closest to them, while the extreme samples were
eliminated. In the end, 1802 cases were included.

Feature selection
If all the input variables were involved in the modeling without feature selection,

not only might the computational efficiency of the model be affected, but more
importantly, due to the possible correlations between the input variables, the obtained
model might not be usable for prediction. In this study, Feature Selection node in the
Modeler program was used to perform feature selection from the perspectives of the
variable itself and of the correlations between input variables and output variables,
and the analysis results are shown in Table 2. It can be seen that medical payment
method, sex, age, marital status, length of hospital stay, main diagnosis, number of
other diagnoses, major surgery, and number of surgeries were all important for
predicting the total medical cost. Moreover, there were no variables in the （screened
field ） box, i.e., from the point of view of the variable itself, there were no
unimportant variables. Therefore, all nine selected variables were included in the
modeling in this study.

Table 2 Feature selection results

Note: Important > 0.95, 0.9 < moderately important ≤ 0.95, not important < 0.9.

Modeling
Seventy percent of the data were drawn as a training set for building the model,

and the remaining 30% were used as the test set for the prediction model. The
decision tree obtained using the CHAID model was a four-level decision tree. The

Field Measurement Importance Value
Major surgery Nominal Important 1.0
Length of hospital stay Continuous Important 1.0
Number of surgeries Continuous Important 1.0
Age Continuous Important 1.0
Main diagnosis Nominal Important 1.0
Other diagnoses Continuous Important 1.0
Medical payment method Nominal Important 1.0
Marital status Nominal Important 0.999
Sex Marker Important 0.994



classification rules of the decision tree are shown in Figure 1 . Because the decision
tree had many bifurcations, Figure 1 only shows the classification rules of the
two-level decision tree. It can be seen from Table 3 that the middle node of the first
level of this decision tree used the major surgery as the optimal grouping variable to
generate three groups, and the middle node of the next layer of these three groups
used the length of the hospital stay as the optimal grouping variable to further
categorize them.

The first group was the patients who received medical preparation for renal
dialysis, arteriovenous fistula repair for renal dialysis, ultrasound-guided puncture
biopsy, ultrasonography, and 24-hour blood pressure monitoring and those who did
not undergo surgery. The average of their total medical expenses was 8211.4 yuan.
The second group was the patients who received renal allograft transplantation. The
average of their total medical expenses was 68,494.2 yuan. The third group was the
patients who received hemodialysis, electrocardiogram, peritoneal dialysis,
venipuncture, CT examination, nuclear magnetic resonance examination, oxygen
inhalation, and other surgical operations. The average of their total medical expenses
was 13,451.5 yuan.

When looking at the middle node of the lower level of each group, each group
was further divided using the length of hospital stay as the optimal grouping variable.
For example, the first group was divided into seven subgroups using the length of
hospital stay as the optimal grouping variable, and the specific grouping criteria were
length of hospital stay ≤ 3, 3 < length of hospital stay ≤ 6, 6 < length of hospital stay ≤
7, 7 < length of hospital stay ≤ 8, 8 < length of hospital stay ≤ 12, 12 < length of
hospital stay ≤ 18, and length of hospital stay > 18 days.

Figure 1 Calculation results of the CHAID model
When modeling with the CART algorithm, a 5-level binary decision tree was



obtained, and its classification rules are shown in Figure 2. This decision tree was first
divided into two groups using major surgery as the optimal grouping variable. The
first group was the CRF patients who underwent renal allograft transplantation, and
the average of their total medical expense was 66,634.5 yuan, while patients who
underwent other surgeries or operations were in another group, whose average total
medical expense was 9816.1 Yuan. The difference in total medical expenses varied
greatly with the length of hospital stay in each group, so the decision tree used the
length of hospital stay as the optimal grouping variable for deep growth. Among them,
patients who underwent renal allograft transplantation and had a hospital stay of ≤
21.5 days were included as one group, whose average of total medical expense was
57,982 yuan, and patients who underwent renal allograft transplantation and had a
hospital stay of > 21.5 days were in another group, whose average of total medical
expense was 77,843 yuan. The CRF patients who received other operations were
further divided into 7 subgroups with the length of hospital stay as the optimal
grouping variable, and the specific grouping criteria were length of hospital stay ≤ 2.5
as a group, average total medical expense 27,63.6 yuan; 2.5 < length of hospital stay ≤
4.5, average total medical expense 4638.4 yuan; 4.5 < length of hospital stay ≤ 6.5,
average total medical expense 6371.3 yuan; 6.5 < length of hospital stay ≤ 11.5,
average total medical expense 9158.3 yuan; 11.5 < length of hospital stay ≤ 17.5,
average total medical expense as 14,651.6 yuan; 17.5 < length of hospital stay ≤ 21.5,
average total medical expense 22,300.8 yuan; and length of hospital stay 21.5,
average total medical expense 33,262.5 yuan.

Figure 2 Calculation results of the CART model

According to the calculated importance of each predictor variable in the
CHAID model in Table 3, seven influencing factors were identified, and the
influencing factors involved in inference rules only included the major surgery, length
of hospital stay, main diagnosis, sex, number of surgeries, number of other diagnoses,
and age, not marital status or medical payment method. It is worth noting that this
does not indicate that marital status and medical payment method had no effect on the
total medical expense. According to the obtained importance of each predictor
variable in Table 3, major surgery had the strongest effect on the grouping results, and
the importance of length of hospital stay, main diagnosis, sex, number of surgeries,



number of other diagnoses, and age for grouping results decreased in that order.
According to the obtained importance of each predictor variable by the CART model
in Table 3, eight influencing factors were identified, including the major surgery,
length of hospital stay, number of surgeries, marital status, medical payment method,
main diagnosis, age, and other diagnoses. Sex was not included, but this does not
indicate that sex had no effect on total medical cost. According to the calculated
importance of each predictor variable in Table 3, major surgery had the most
important effect on the grouping results, followed by length of hospital stay, number
of surgeries, marital status, medical payment method, main diagnosis, age, and
number of other diagnoses.

From the results of the classification rules of the two models, it was seen that
both models used the major surgery as the optimal grouping variable for the first layer
of grouping and used the length of hospital stay as the optimal grouping variable for
the second layer of grouping. From the calculated importance of each predictor
variable in the two models, the major surgery and length of hospital stay were
significantly more important in predicting the total medical expense than other
variables (Table 3).

Table 3 Importance of predictor variables for CHAID and CART models

Variables Measure values of the importance of
each variable in the CHAID model

Measure values of the importance of
predictor variables in the CART
model

Major surgery 0.73 0.67
Length of hospital stay 0.26 0.32
Main diagnosis 0.01 0
Sex 0 -
Number of surgeries 0 0
Number of other diagnoses 0 0
Age 0 0
Marital status - 0
Medical Payment Method - 0

Note: The importance of the ith input variable is defined as: Evaluationi = , and
the sum of the importance of all input variables included in the model is 1.

Assessment of the model
The analysis node in the output tab in Modeler was used to compare and analyze

the total medical expenses predicted by the two models and the actual medical
expenses, and the obtained results are shown in Table 4. The correlation between the
total medical cost predicted by the CHAID model and the actual total medical cost
was 0.912, and the absolute mean error was 4140.9. The correlation between the total
medical cost predicted by the CART model and the actual total medical cost was
0.912, and the absolute mean error was 4305. Thus, the correlations of the two models
in predicting total medical cost were good, but there were still errors, and the accuracy
should be further improved.

Table 4 Results of the comparison and analysis of the total medical expense predicted
by CHAID model and the actual total medical expenses.

Minimum
error

Maximum
error Mean error

Absolute
Mean
error

Standard
deviation

Linear
correlation Incidence

CHAID 49,699.7 71,248.7 0.0 4140.9 7663.1 0.912 1802
CART 50,335.8 73,956.3 123.1 4305.0 7670.6 0.912 1802



Discussion
Our study showed that medical payment method, sex, age, marital status, length

of hospital stay, main diagnosis, number of other diagnoses, major surgery, and the
number of surgeries all had an effect on the total medical expense of a single
hospitalization for CRF patients. The importance of different variables for the
establishment of the CHAID and CART models varied because of differences in the
methods used to select the optimal grouping variables between the two models.
However, from the evaluation results of CHAID and CART models, the results of the
two were not significantly different.

The variable that had the greatest impact on the total cost of a single
hospitalization for CRF patients was the major surgery, which is also the reason, at
present, why major surgery is used as the criterion for the division into medical group,
surgical group, and non–operating room operation when countries or regions, such as
the United States, Australia, and Beijing, design diagnosis-related groupings (DRGs)
[21-22]. In the CHAID model of this study, major surgery was used as the optimal
grouping variable for CRF patients, and the CRF patients could also be divided into a
medical group, surgical group, and non–operating room operation. The second group
was patients who received renal allograft transplantation, and their total medical
expense was significantly higher than those in the other two groups. The first group
was patients who underwent medical preparation for renal dialysis and arteriovenous
fistula repair for renal dialysis, and their total medial expense was higher than that of
the patients in the third group, who underwent hemodialysis and peritoneal dialysis.
The above grouping results were consistent with the actual clinical situation.
Hemodialysis and peritoneal dialysis have different costs. However, these studies
focused on comparing the overall cost of each treatment regimen rather than the cost
of a single hospitalization, which is different from the focus of this study [23]. In
addition, when CRF patients are admitted to large medical institutions for
hemodialysis or peritoneal dialysis, they generally have comorbidities requiring
examinations and treatments, and the treatment cost is also affected by other factors,
so the difference is not very significant in the grouping results.

Our results also showed that next to major surgery, the length of hospital stay
was another important variable affecting the total cost of a single medical treatment
for CRF patients. For example, for CRF patients undergoing renal allograft
transplantation, the difference in the total cost of a single medical treatment was
caused by the length of hospital stay, while the difference in the length of hospital stay
was mainly caused by the postoperative complications. For example, pulmonary
infection, pleural effusion, and pulmonary edema are relatively common pulmonary
complications after renal transplantation. The occurrence of complications could
cause an increase in the consumption of medical resources, and the hospitalization
cost could also increase [24]. For CRF patients who received medical treatment and
non–operating room surgical treatment, the influence of the length of hospital stay on
the total medical cost should be given even more attention, because the change in the
length of hospital stay was the most important variable driving the change in the total
medical cost of hospitalization in the absence of the influence of the major surgery
variable. It is regrettable that the BJ-DRGs in Beijing do not include the length of
hospital stay of CRF patients as a grouping node. Including the length of hospital stay
as a case grouping variable and giving different expense reimbursements to CRF
patients who have different lengths of hospital stay is beneficial in mitigating the
problem of inadequate medical care that arises in the currently implemented DRG
medical insurance payments.



Our results suggest that the factors affecting the medical costs of CRF patients
are complex, and future studies need to explore in depth the objective factors affecting
their length of hospital stay, such as age, complications, and comorbidities, so as to
develop a disease-appropriate length of hospitalization for individual patients and to
avoid affecting the clinical efficacy and prognosis due to insufficient time of
hospitalization and treatment, and at the same time, the length of hospitalization can
be effectively controlled to improve medical efficiency and effectively allocate
medical resources.

Our study employed the CHAID algorithm and CART algorithm of Modeler to
construct the decision tree prediction mode. They have the following advantages: ①
their input variables and output variables can be both categorical and numerical,
which are suitable for datasets with complex data types; ② they have relatively
diverse output types, which can be both a classification decision tree and inference
rules;③ their output results are easily interpretable, which is suitable for researchers
to explore the inherent pattern of the data and make classification predictions for
subjects. At the same time, there is also an insurmountable shortcoming in using
Modeler's CHAID algorithm and CART algorithm to construct decision tree grouping
model: both algorithms can only select the optimal grouping variable among the input
variables but cannot integrate the effect of multiple input variables on the target
variable. Therefore, subsequent studies can use factor analysis and other methods to
effectively integrate multiple input variables before using them in modeling [20].

Our study showed that it is necessary for health administrative departments and
medical insurance administrative departments to revise the current DRGs for CRF
patients and develop an individualized medical insurance payment system that is
suitable for China's national conditions, so that CRF patients can receive feasible and
fair medical services. Some other countries have already worked in this direction and
put it into practice [14]. Our study can provide a reference and suggestions for health
administrative departments and health insurance management departments, as well as
provide methodological guidance for case grouping and cost prediction for each
specific disease.
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Figures

Figure 1

Calculation results of the CHAID model



Figure 2

Calculation results of the CART model


