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A B S T R A C T

Lung cancer is one of the leading causes of mortality, and its medical expenditure has increased dramatically.
Estimating the expenditure for this disease has become an urgent concern of the supporting families, medial
institutes, and government. In this study, a conditional Gaussian Bayesian network (CGBN) model was developed
to incorporate the comprehensive risk factors to estimate the medical expenditure of a lung cancer patient at
different stages. A total of 961 patients were surveyed by the four severity stages of lung cancer. The proposed
CGBN model identified the correlation and association of 15 risk factors to the medical expenditure of different
severity stages of lung cancer patients. The relationships among the demographic, diagnosed-based, and prior-
utilization variables are constructed. The model predicted the lung cancer-related medical expenditure with high
accuracy of 32.63%, 50.30%, 50.36%, and 66.58%, respectively for stages 1–4, as compared with the reported
models. A greedy search was also applied to find the upper threshold of R2, while our model also shows that it
approached the upper threshold.

1. Introduction

Lung cancer is the leading cause of cancer deaths in the world [1].
This malignancy is responsible for nearly one out of five cancer deaths.
In Taiwan, lung cancer is the leading cause of mortality, accounting for
8854 cases or 19.8% of all cancer deaths per year [2]. Moreover,
compared with other leading death cancers (e.g., breast, cervical, liver,
and colorectal), lung cancer has the highest percentage of patients with
survival of less than 1 year [3].
Lung cancer contributes to a significant medical expenditure. The

expenditure has also considerably increased over time because of the
evolution of cancer treatment [4]. The mean expenditure for lung
cancer in the initial phase of treatment has increased by 93.4% from
1996 to 2007 [5]. This issue has largely raised concerns by the sup-
porting families, medial institutes, and government [6,7]. Therefore,
the investigation of the financial burden has been placed on a high
priority.
Taiwan has established a National Health Insurance (NHI) system

since 1995, and the NHI covers more than 99.9% of the population.
According to the NHI records, critically ill patients only account for
3.9% of the population, but they consume 27.6% of the overall medical
expenditure [8]. The estimation and control of the medical expenditure
has become an urgent problem for the government. The situation is

worse for those diagnosed with lung cancer. Moreover, the medical
resource planning for lung cancer patients can be enhanced if the
medical expenditure is properly estimated. However, the comprehen-
sive factors for the medical expenditure of lung cancer patients are
difficult to explore because of the uncertainty of this malignancy and
the complex interaction among those factors. A systematic way to
evaluate medical expenditure and form an executable estimation model
is needed.
A risk adjustment model is promising in modeling medical causality.

This model is composed of the risk factors, and a precise function of
these risk factors can increase the predictive power of medical ex-
penditure [9,10]. Exploring the risk factors to increase the predict-
ability is a critical step in implementing the risk adjustment model.
Further, previous studies on risk adjustment employed basic statistical
methods to predict personal medical expenditure and survivability
(e.g., Refs. [11,12]. However, such approach is not always committed
to the general situation that deals with missing and uncertainty data.
Moreover, nonlinear property has a sustainable and important impact
on the prognosis of expenditure and survivability as well as potential
medical decision support applications. Therefore, a more effective
predictive modeling formalism to handle domains with mixed discrete
and continuous variables, nonlinear characters among risk factors, as
well as with missing and uncertainty data, is required.
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There are two main types of lung cancer: non-small cell lung cancer
and small cell lung cancer. Each has its own system of staging, a process
that determines the extent to which a cancer has spread. Non-small cell
lung cancer has four major stages. In stage 1, cancer is found in the
lung, but it has not spread outside the lung. In stage 2, the cancer exists
both in the lung and nearby lymph nodes. The cancer spreads in the
lung and lymph nodes in the middle of the chest is defined as stage 3. In
stage 4, the cancer has spread to both lungs, into the area around the
lungs, or to distant organs. Moreover, small-cell lung cancer has two
major stages. In the limited stage, cancer is found in only one lung or
nearby lymph nodes on the same side of the chest. In the extensive
stage, the cancer has spread throughout one lung, to the opposite lung,
lymph nodes on the opposite side, fluid around the lung, bone marrow,
and/or distant organs. Unfortunately, few studies have categorized the
severity of lung cancer to extend their specification and utilization in
terms of target treatment plans. Lung cancer stages indicate how severe
the cancer has spread and help determine treatment and medicine.
Based on the cancer stage, a treatment plan can be developed in ac-
cordance. Treatment may include a combination of methods, depending
on the stage and type of lung cancer. Precise models should be explored
to estimate the medical expenditure for lung cancer patients at different
stages.
This study was performed to identify the lung cancer risk factors for

medical expenditure and develop an estimation model to predict
medical expenditure against data uncertainty by Bayesian network
(BN). The result could provide valuable information for further studies
on cancer expenditure estimation and healthcare insurance manage-
ment. The risk factors that influence the lung cancer medical ex-
penditure were identified. The lung cancer patients were classified ac-
cording to the different stages of severity, and the medical expenditure
for these patients was estimated.

2. Literature review

2.1. Risk adjustment factors for medical expenditure

Risk adjustment is a technique that can be applied to estimate in-
surance costs [9,13,14]. Different combinations of risk factors will lead
to distinct prediction accuracies. Risk factors can be classified into six
groups, namely, demographic, prior utilization, diagnostic-based, pre-
scription, physiological risk factors, and self-reported [13,15]. The de-
mographic risk factors include demographic data, such as age, gender,
education, and residential area. However, these factors are weak pre-
dictors of individual medical expenditure. Prior utilization factors use
personal past medical utilization information to predict future medical
expenditure. Several common factors in this group are past medical
expenditure, hospitalized record, and frequency of seeking medical
service. Diagnosis-based risk factors, such as outpatient and inpatient
data, indicate the use of diagnosis record in a specific period to predict
future medical expenditure. Based on valid International Classification
of Diseases (ICD-9) codes, patients could be classified into different
groups. These codes would provide more detailed information on the

personal pathogen. Prescription factor can be used to evaluate specific
patients for their medical expenditure based on the differences in the
treatments and drugs. Physiological factors are used to evaluate the
health status of individuals and measure the risk to future medical
demand, especially for chronic diseases. Personal health status mainly
includes blood pressure, cholesterol, and blood sugar. This type of
factor requires examination and private medical record, but the data
are hard to retrieve. Meanwhile, self-reported measures include per-
ceived health status and instrumental activities of daily living to eval-
uate functional health status of patients and the needed medical ex-
penditure. Questionnaires and interviews are necessary to obtain the
related information to understand the self-health, functional status, and
medical utilization tendency.
Previous studies on risk adjustment are commonly based on the six

factors to construct their models. However, various combinations of risk
factors will lead to diverse results for estimating medical expenditure.
Kapur et al. [16] investigated five risk-adjustment models to estimate
the future medical expenditure for high-cost mental-health service
utilizers. Their models included demographic variables, such as age,
gender, ethnicity, education level, marital status, residence, living ar-
rangement, and language, insurance indicator, homelessness, indicators
for diagnoses, and inpatient and outpatient costs.
Pope et al. [17] developed the Principal Inpatient Diagnostic Cost

Group Model (PIPDCG), which included age, sex, disabled status, and
inpatient diagnoses derived from prior year inpatient hospital records.
Lin et al. [18] developed a Taiwan version of the PIPDCG (TPIPDCGs)
to predict an individual's medical expenditure. The TPIPDCG is a re-
vision of the PIPDCG from the Health Care Financing Administration in
the US. They built a weighted least squares regression model and used
predictive R2 to evaluate the performance of the risk adjustment model.
They compared eight different models with various risk factors. Chang
and Lai [19] employed three kinds of risk adjustment factors, namely,
demographic, diagnosis-based, and prior utilization. Demographic fac-
tors included age and gender. Diagnosis-based factors included in-
patient and outpatient information. Prior utilization factors included
individual's inpatient and outpatient expenditures.
In addition, Omachi et al. [20] verified that measuring the severity

of an illness can increase the predictive power of a risk adjustment
model. They used the common risk factors, such as age, gender, and
diagnosis codes, and further considered the severity of chronic ob-
structive pulmonary disease.
Previous studies and their factors and R2 measures are summarized

in Table 1.

2.2. Lung cancer risk factor

Age is an important factor to medical expenditure, because the el-
derly may have higher demands to seek medical service than others
[21,22]. Epidemiology studies have reported that gender and environ-
mental factors are risk factors that increase a person's probability of
developing lung cancer [23,24]. The lung cancer site and comorbidity
also influence medical expenditure. The frequency of seeking medical

Table 1
Summary of related risk adjustment researches and their performance.

Researches Factors Best R2

Kapur et al. [16] age, gender, marital status, ethnicity, education level, type of residence, and language, insurance indicators, homelessness, indicators for
diagnoses, global assessment of functioning scores, inpatient and outpatient costs for the previous year, inpatient and outpatient costs for the two
previous years.

16%

Pope et al. [17] age, sex, disabled status, and inpatient diagnoses, PIPDCG. 6.2%
Lin et al. [18] age, gender, TPIPDCG and prior outpatient 36.5%
Chang & Lai [19] age, gender, TPIPDCGs, BTL, inpatient and outpatient expenditures. 35.2%
Omachi et al. [20] age, gender, diagnosis codes, severity of COPD. 21%

Note: R2 statistic is used as a measure of variability, ranging from 0 to 1 (0 means no correlation and 1 indicates perfect correlation). It is used to evaluate the
explanatory power of risk factor to medical expenditure.
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service and hospitalization, as well as the duration of hospitalization,
will directly affect the expenditure [19]. These factors have also been
used in the literature (e.g., Refs. [18,25,26].
A study has indicated that the risk of getting lung cancer increased

with age and was greater in men than in women, and especially for
people who were greater than 60 years old [27]. A high risk of lung
cancer was reported in populations exposed to high levels of air pol-
lution. Therefore, the environmental factors, such as residential area,
should be considered when choosing the risk factor [23,24]. Wang et al.
[28] conducted a population-based study in Taiwan. The factors used to
evaluate survivability included age, sex, tumor location, cell type, his-
tologic grading, surgical resection methods, clinical stage, treatment
modality, survival time, and cause of death. The results indicated that
survival rate had significant differences between stages and tumor lo-
cations, and women with lung cancer had higher prognosis than men.
From the literature survey, we determined that age, gender, tumor

location, and comorbidities are potentially important factors for the
medical expenditure for lung cancer. Different severity stages of lung
cancer may also present distinct characteristics. These factors were
further investigated to evaluate the medical expenditure for lung cancer
patients.

2.3. Bayesian network

The BN performs probabilistic inference of relationships among
variables. This process is beneficial to elucidate the causal relationship
in a complex structure. The BN can handle missing data and uncertain
knowledge [29,30]. The applications of BN include diagnoses of dis-
eases, optimal treatment alternatives, and prediction of treatment
outcomes [31–33].
Although the variables in a BN are usually assumed to be discrete,

the variables in the real world are often continuous [34,35]. Studies
have usually discretized a continuous variable into categorical type
[36], while discretization may lead to bias in prediction. Lauritzen and
Wermuth [37] presented a model that can simultaneously handle dis-
crete and continuous variables. The model known as conditionally
Gaussian distributions (CG-distributions) assumed that a continuous
variable should follow Gaussian distribution. The CG-distributions have
been extended by Cobb et al. [34] and Lauritzen & Jensen [38]. In the
CG-distributions, discrete variables are analyzed similarly to the tradi-
tional BN, while the probability of continuous variables is determined
by parent nodes.

3. Materials and model

3.1. Data source and study population

A population-based retrospective cohort and the corresponding ex-
penditure of illness and medical record were all derived from the NHI
research database. The study population based on the lung cancer pa-
tients were identified from 1996 to 2010 Ambulatory Care Expenditures
by Visits (CD) file and Inpatient Expenditures by Admissions (DD) file;

on the other hand, this study also considered Details of Ambulatory
Care Orders (OO) file to define the treatment type, then used Registry
for Contracted Medical Facilities (HOSB) file and Registry for
Beneficiaries (ID) file to obtain detailed medical information. Those
data files are all in the Original Claim Data for Reimbursement (OCDR)
dataset.
The diseases were investigated and distinguished by their ICD-9-CM

diagnostic code. The ambulatory visit file provided up to three ICD-9-
CM diagnostic codes which allow the diagnosed disease for each visit to
be identified. Further, the CD and DD files both provided medial ex-
penditure for each hospitalization and outpatient visit, including var-
ious diagnostic procedures and established treatment or other medical
services. Based on those medical expenditure information, the total
expenditure can be calculated.
The selection procedure of the study population in this study is

chronologically described as follows. First, we used ICD-9-CM code
which starts with 162.x to identify cohort representing malignant
neoplasm of trachea bronchus and lung from 1996 to 2010 outpatient
and inpatient files of the OCDR dataset. The cohort is regarded as the
patients diagnosed with lung cancer.
Since there is no severity stage information of lung cancer patients

in the NHI research database, we needed to confirm it by the treatment
they had taken. Different stages of lung cancer patients should take
different treatments [39]. By discussing with 2 domain experts in
thoracic surgery and oncology departments of medical-center level
hospitals in Taipei, we summarize the types of surgery and che-
motherapy as Table 2. The types of surgery are segmental resection of
lung, lobectomy of lung, and complete pneumonectomy. For lung
cancer, the purpose of operating on surgery is the full removal of the
lung tumor and the nearby lymph nodes in the chest. The tumor must
be removed with a surrounding border of normal lung tissue to make
sure no cancer was found in the healthy tissue surrounding the tumor.
The type of chemotherapy can be classified as injection, drugs, and
targeted therapy. Chemotherapy is to use drugs to destroy cancer cells,
stopping cancer cells to grow [40].
Accordingly, the four stages of lung cancer patients were as the

follows:
Stage I: Stages I and II lung cancer patients are generally treated

with surgery. Patients who only received surgery and no chemotherapy
were classified as stage I.

Stage II: Patients in this stage usually receive both surgery and
chemotherapy. Several patients with large tumors were treated by
surgery before chemotherapy to increase the benefit of treatment.

Stage III: Patients in this stage suffer by cancer metastasis to other
organs. Thus, surgery alone is usually not sufficient to cure the disease
for most patients. Stage III patients have a high risk of cancer re-
crudescence, either in the same place or distantly, even after successful
surgery. Thus, doctors generally do not recommend immediate surgery.
Instead, chemotherapy before surgery is suggested. Hence, patients who
received chemotherapy before surgery were classified to stage III.

Stage IV: Patients in stage IV do not receive surgery on the whole.
Most patients at this stage receive only chemotherapy. However, stage
IV patients are not considered “cured.” Chemotherapy can only be
continued as long as it can control the growth of cancer. If the cancer
worsens or causes too many severe side effects, the treatment will be
stopped, and patients would continue to receive palliative care. In this
study, stage IV included patients who only received defined che-
motherapy and who did not receive any treatment shown in Table 2 but
died in 4 months since the day they were diagnosed with lung cancer.

3.2. Variables

Four comorbidities were chosen as variables. According to the
Ministry of Health and Welfare, 100 diseases were defined as chronic
and separated into different biological systems [41]. In this study, 22
chronic diseases, which are common for Taiwan's population, were

Table 2
Defined treatment for stage classification.

Surgery Chemotherapy

Injection Drugs Targeted therapy

● Segmental
resection of lung

● Lobectomy of
lung

● Complete
pneumonectomy

Injection or
infusion of cancer
chemotherapeutic
substance

● Docetaxel
● Doxorubicin
● Etoposide
● Pemetrexed
● Vinorelbine
● Gemcitabine
● Paclitaxel

● Erlotinib
● Gefitinib
● Afatinib
● Bevacizumab
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chosen after discussion with domain experts. Eventually, four key
chronic diseases, namely, hypertension, bronchiectasis, emphysema,
and tuberculosis, were selected on the basis of odds ratio.
The lung cancer site indicates the location with lung cancer. This

site will influence the treatment type and has been confirmed by the
American Cancer Society [42]. The relationship was also adopted by
Wang et al. [43]. The lung cancer sites were classified into eight types
based on ICD-9-CM. These categories included bronchus and lung
(162), trachea (1620), bronchus (1622), upper lobe, bronchus or lung
(1623), middle lobe, bronchus or lung (1624), lower lobe, bronchus or
lung (1625), other parts of bronchus or lung (1628), bronchus and lung,
and unspecified (1629).
To highlight the importance of a medical resource, the Taiwan's NHI

Administration, Ministry of Health and Welfare in Taiwan, classified
the hospital types into 4 levels, and each level has different charges or
fees. These hospital levels are district hospitals, regional hospitals,
physician clinics, and medical centers. People who seek medical service
at different hospital levels will be charged distinctly. This service
mainly influences the outpatient visit expenditure [8]. Thus, the hos-
pital level will affect the medical expenditure.
The geographical region is an important factor of lung cancer, and

this factor has been confirmed by Samet et al. [24]. Environmental
impacts, e.g., tobacco smoking, alcoholic beverages, dietary intake of
cholesterol and/or fat, radiation, asbestos exposure, air pollution, and
hazard occupational exposure, are also correlated to the development
of a city as well as lung cancer occurrences. Six hospital regions exist in
Taiwan. These regions included the central, northern, Taipei, eastern,
southern, and Kaohsiung branches.
In addition, 7 kinds of urbanization, including general township,

moderate urbanization, highly urbanization, aging town, remote town,
new town, and agricultural town, have been identified. The definition
of urbanization is not included in the NHI databank. The criteria of
classifying different areas to the seven types of urbanization were de-
mographic characteristics, industrialization, and medical resource dis-
tribution. More details on the township and downtownship separated
into urbanization can be found in Liu et al. [44].
Accordingly, in the present study, the 15 variables used to predict

the medical expenditure are listed in Table 3. The factors were chosen
based on the literature of risk adjustment factors. Age, gender, level,
region, and urbanization could be classified as demographic factors.
Site, hypertension, bronchiectasis, emphysema, and tuberculosis could
be classified as diagnosed-based factors [45,46]. Outpatient visit,

outpatient expenditure, inpatient visit, inpatient days, and inpatient
expenditure could be classified as prior utilization factors. Moreover,
the treatment defined in Table 2 can be used as prescription factors. The
physiological and self-reported factors were not used in this study,
because these two factors were not included in NHI databank. Finally,
the risk factors used in this study were demographic, diagnosed-based,
prior utilization, and prescription factors.
For the prediction target, expenditure is the future unit average cost

of individuals. Except for the future expenditure, the other factors were
all based on the information of the year when the patient was diagnosed
with lung cancer.
A list of key variables to build a BN for expenditure prediction is

depicted in Table 3.

3.3. Modeling

Assuming a hybrid cause-effect model with discrete and continuous
variables, the set of variables X can be divided into two, =X Y Z ,
where Y represents the discrete variable, and Z presents the continuous
variable. =Y d| | , and =Z c| | are the numbers of continuous and
discrete variables, respectively. The joint state space can be denoted as

= = … …x y z y y z z( , ) ( , , , , , )d c1 1 , where …y y, , d1 are qualitative data, and
…z z, , c1 are numeric numbers. The BN graph defines the independent

relations among the variables and presents a set of joint probability
distributions of the variables in the topology as the combination of the
conditional distribution of each variable given its parents in the net-
work. Supposing a continuous variable X , with discrete parent Y and
continuous parent Z , the Gaussian distribution conditional on the va-
lues of the parents can be = = =p X Y y Z z( | , ) +N y y z y[ ( ) ( ) , ( ))],
where N represents the normal distribution, y z( , ) are the states of the
parents, >y( ) 0, y( ) is a real number, and y( ) is a vector of the same
size as the continuous part of the parents. For each configuration of the
discrete parents, a different linear function of the continuous parents is
defined as the normal distribution.
After the risk factors for medical expenditure of lung cancer have

been delineated, a relationship among these factors should be de-
termined. This study constructed a conditional Gaussian BN (CGBN) to
estimate the medical expenditure of lung cancer patients. A model to-
pology is needed to create an appropriate CGBN. Such topology in the
study was derived from the literature and reviewed by domain experts.
The continuous variables in our conditional CGBN followed the normal
distribution, while those variables that did not pass the Kolmogorov-

Table 3
Variables to build a Bayesian network for expenditure prediction.

Factor Class description Data type Risk adjustment type

Age The age when patient be diagnosed with lung cancer Continuous demographic
Gender Male or Female Binary demographic
Level 4 kind of hospital level, including District Hospitals, Regional Hospitals, Physician Clinics, and Medical

Centers
Discrete demographic

Region 6 kind of hospital region, including Central branch (CB), Northern branch (NB), Taipei branch (TB),
Eastern branch (EB), Southern branch (SB), and Kaohsiung branch (KB)

Discrete demographic

Urban 7 kind of urbanization, including General Township (GT), Moderate urbanization (MU), Highly
urbanization (HU), Aging town (AGT), Remote town (RT), New town (NT), Agricultural town (AT)

Discrete demographic

Site 8 type of location of lung cancer, including trachea, bronchus and lung (162), trachea (1620), bronchus
(1622), upper lobe, bronchus or lung (1623), middle lobe, bronchus or lung (1624), lower lobe, bronchus
or lung (1625), other parts of bronchus or lung (1628), bronchus and lung, unspecified (1629)

Discrete diagnosed-based

Hypertension A Comorbidity of hypertension which diagnosed before lung cancer or not Binary diagnosed-based
Bronchiectasis A Comorbidity of bronchiectasis which diagnosed before lung cancer or not Binary diagnosed-based
Emphysema A Comorbidity of emphysema which diagnosed before lung cancer or not Binary diagnosed-based
Tuberculosis A Comorbidity of tuberculosis which diagnosed before lung cancer or not Binary diagnosed-based
Outpatient visits Total frequencies of outpatient visits of the patient in the year when lung cancer is diagnosed Continuous prior-utilization
Outpatient expenditure Total cost for outpatient of the patient in the year when lung cancer is diagnosed Continuous prior-utilization
Inpatient visits Total frequencies of hospitalization of the patient in the year when lung cancer is diagnosed Continuous prior-utilization
Inpatient days Total days of hospitalization of the patient in the year when lung cancer is diagnosed Continuous prior-utilization
Inpatient expenditure Total cost of inpatient for individual patient in the year when lung cancer is diagnosed Continuous prior-utilization
Medical expenditure estimation Average annual cost of the patient future traceability years. By using parent nodes in the year when the

patient is diagnosed with lung cancer to predict future average annual cost.
Continuous
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Smirnov test of normality were considered a natural logarithm.
The relationships among the demographic, diagnosed-based, and

prior-utilization variables are constructed. Finally, outpatient and in-
patient expenditures were used to predict medical expenditure. All links
among factors followed evidence from the literature and domain ex-
perts as summarized in Table 4. The proposed CGBN composed of 15
variables, which represented the influence of risk factor to expenditure.
The CGBN for expenditure prediction is depicted in Fig. 1.
Previous studies did not consider the severity of lung cancer pa-

tients, and many patients are diagnosed in their terminal stage. The
study population was classified into four stages which defined the se-
verity of lung cancer patients. Notably, the same model topology was
applied to all stages, but the data profiles were different.
The conditional probabilities could explain the changes of each

variable affected by evidence. The conditional probability between
conjunctive nodes of the CGBN was estimated using our database. The
resulting conditional relationship from the four stages listed as Table 5.

4. Results and discussions

In this section, a demographic data profile is presented. Four key
chronic diseases, namely, hypertension, bronchiectasis, emphysema,
and tuberculosis, were identified by high odds ratio. The Bayesian
network estimation on medical expenditure with distinct severity stages
is conducted and verified by a 10-fold validation to demonstrate a high
performance of the proposed model. We illustrate and conclude the
medical expenditure estimate for each severity stage of lung cancer that
can facilitate an accurate estimation for medical expenditure.

4.1. Data profile of the key variables by severity stage

The data profile of the key variables by severity stage is presented in
Table 6. A total of 961 lung cancer patients were included in the study
for expenditure prediction modeling. The male has 57.5%. The sit at
bronchus and lung, and unspecified (1629) accounts for 75.3%. The
proportion of lung cancer patients at severity stages from I to IV is
28.2%, 12.8%, 2.2%, and 56.8%, respectively. In terms of outpatient
expenditure, the patient at stage IV ranks the highest, whereas the
patient at stage III has the highest inpatient expenditure. We further
calculated the odds ratio of each chronic disease to the lung cancer site.
Four key chronic diseases, namely, hypertension, bronchiectasis, em-
physema, and tuberculosis, were selected owing to their high odds
ratio. The details refer to Appendix. The statistics in Table 6 also in-
dicates that hypertension is highly related to lung cancer.

4.2. Bayesian network estimation on medical expenditure

The R tool with two packages “deal” and “bnlearn” was employed to
construct the proposed CGBN and for model learning [47–49]. The
performance evaluation criterion was adjusted R2 to evaluate the ex-
planatory power of the risk factor to medical expenditure estimation
[46,50].
Cross-validation is a technique to evaluate the stability and accu-

racy of predictive models by partitioning the original sample into a
training set to train the model, and a test set to evaluate it. A 10-fold
validation was performed in the study. The original sample is randomly
partitioned into 10 equal size subsamples. Of the 10 subsamples, a
single subsample is retained as the validation data for testing our
model, and the remaining 9 subsamples are used as training data. The
cross-validation process is then repeated 10 times, with each of the 10
subsamples used once as the validation data. The 10 results from the
folds are averaged to produce a single estimation. The advantage of
doing so is that all observations are used for both training and valida-
tion, and each observation is used for validation exactly once. The re-
sults are recorded in Table 7. Generally, a prospective risk model should
achieve 20% of R2, and the standard increases to 30% by the evolution
of computation approaches [51,52]. Compared with previous studies,
the proposed CGBN model had high performance, especially in stage IV.
A greedy search was also applied to find the structure to gain the
highest R2, which was constructed arbitrarily for expenditure estima-
tion. Such topology assumed that all types of links among variables
were applicable. Our model shows that it approached the upper
threshold of the adjusted R2. The adjusted-R2 by arbitrary CGNB built
using a greedy search showed a ceiling of 34.96%, 54.92%, 59.23%,
and 67.87% for stages 1–4, while the proposed CGBN model ap-
proached to 32.63%, 50.30%, 50.36%, and 66.58%, respectively. Note
that the existing best adjusted-R2 ranges from 6.2 to 36.5% [16–20].

4.3. Inference and findings

This study concludes the medical expenditure estimate for each
severity stage of lung cancer. The medical expenditure formulas can
facilitate an accurate estimation for medical expenditure. The statistical
distribution of medical expenditure for each stage is shown in Table 8.

Table 4
Theoretical links to build CGBN topology.

Links Reference

Region→Urban, Urban→Site Samet et al. [24]
Gender→Site Ko et al. [23]; Samet et al. [24]
Hypertension→Site, Bronchiectasis→Site,

Emphysema→Site, Tuberculosis→Site
Domain doctor; odds ratio
calculated in this study

Site→Inpatient visits Cucciare & O'Donohue [46]; Corral
et al. [45]

Age→Outpatient visit Fuch [22]; Cheng [21],
Level→Outpatient expenditure Ministry of Health and Welfare [41]
Outpatient visits→Outpatient expenditure

Inpatient visits→Inpatient
expenditure
Inpatient days→Inpatient expenditure

Stearns et al. [26]; Pannarunothai &
Phanthunane [25]

Outpatient expenditure→future
expenditure
Inpatient expenditure→future
expenditure

Chang & Lai [19]; Lin et al. [18]

Region

Age
Urban

Gender

Bronchiectasis

Hypertension
Emphysema

Tuberculosis

Site

Outpatient 
visits

Level

Outpatient 
expenditure

Inpatient 
visits Inpatient 

days

Inpatient 
expenditure

Future 
expenditure

Fig. 1. The proposed CGBN model to estimate medical expenditure of lung
cancer.
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Given that the expenditure estimation of stages I and IV does not follow
the normal distribution, the natural logarithm was considered as a log-
normal distribution for this node to transform the expenditure to a
normal distribution. Compared with existing modeling approaches,
such as logistic regression, which suffer by predicting expenditure as a
categorical variable, the proposed model could predict expenditure as a
continuous variable to be more accurate.
To illustrate the use of the model, the outpatient and inpatient ex-

penditures were both assumed to be 10,000 NTD. The medical ex-
penditure estimation for each stage were obtained as follows: stage I:
log (10.9231, 1.367 )2 ; stage II: (369924.0475, 278776. 7 )2 ; stage III:

(510303.184, 300224. 3 )2 ; and stage IV: log (12.5817, 1.0833 )2 .

5. Conclusion

A set of CGBN models was presented to evaluate the medical ex-
penditure for lung cancer patients at different severity stages in this
study. The proposed CGBNs could handle discrete and continuous
variables. This process extended the ability of a regular BN and con-
ventional statistical models, specifically for categorical response esti-
mation. The proposed CGBN model provided an accurate model to
measure the impact between multiple-layer influencing factors and
their response in medical expenditure. The experimental results showed

that our model outperformed previous models and approached the
ceiling of adjusted R2.
Adopting the proposed model will help the patient, hospital, and the

government to predict the expenditure of a patient at a specific severity
stage. Therefore, finance and resource planning for lung cancer treat-
ment can be managed precisely.
This study has several limitations. The data in this study does not

include clinical records, such as actual lung cancer severity. In addition,
the data only included registration data from 1996 to 2010. The factors
chosen were mainly based on literature review and domain expert re-
commendation, while other potentially factors, such as drugs, could be
further surveyed. It is worthy to note that the high correlation and
association identified in the study facilitate the estimate of the medical
expenditure for lung cancer patients at different severity stages, but
such association does not necessarily imply causation. The causation of
those factors and corresponding responses require further investigation
and clinical validation. In addition, a high standard deviation of the
medical expenditure estimates varies widely within the stages (I to IV)
of the lung cancer and could be further addressed for root causes. It
indicates that more potential risk factors could be include the cost es-
timation model to improve its accuracy, such as government insurance
policies, facial year effect, and treatment technology evolution etc.

Appendix. Odds ratio of chronic to lung cancer site

SYSTEM/Chronic 162 1620 1622 1623 1624 1625 1628 1629 Overall

ENDOCRINE
Thyroid Dysfunction 0.69 1.35 1.27 1.61 1.19 1.55 1.16 1.23 1.26
Hyperlipidemia 2.24 2.81 2.38 2.98 3.29 3.07 2.74 2.77 2.75
Arthrolithiasis 1.87 2.44 3.09 2.60 2.69 2.42 2.62 2.43 2.36
Diabetes 1.91 2.73 3.78 3.59 3.04 2.98 2.77 2.98 2.90
NERVOUS
Trigeminal Sensory Neuropathy 1.21 2.90 4.66 1.25 1.28 0.88 1.14 1.70 1.61
Migraine 0.57 1.33 0.78 1.30 2.08 1.99 1.16 1.17 1.16
CIRCULATORY
Heart Disease 3.03 4.92 4.97 4.23 5.55 5.11 4.31 4.59 4.38
Hypertension 3.98 5.61 6.02 5.91 5.90 5.62 5.71 5.53 5.17
Arterial Embolism and Thrombosis 1.57 3.20 2.68 3.96 4.39 1.53 3.00 3.51 3.11
Atherosclerosis 2.34 3.62 3.05 3.46 3.86 4.11 2.92 3.05 3.02
RESPIRATORY
Bronchiectasis 6.70 7.80 4.92 6.90 8.49 6.66 6.99 6.39 6.03

Table 7
Prediction performance of medical expenditure (in NTD dollar).

Stage I Stage II Stage III Stage IV

Pred. Actual Pred. Actual Pred. Actual Pred. Actual

Mean 49,210 10,6730 200,052 318,354 256,028 342,680 310,378 444,665
Standard deviation 44,060 156,827 46,618 270,061 143,061 245,363 50,071 316,656
Adjusted-R2 by the proposed CGBN model 32.63% 50.30% 50.36% 66.58%
Existing best Adjusted-R2 6.2–36.5% [16–20]
Ceiling Adjusted-R2 by arbitrary CGNB built using a greedy search 34.96% 54.92% 59.23% 67.87%

1. =R SSreg
SStotal

2 , where SSreg represents the regression sum of squares, and SStotal represents the total sum of squares. Adjusted =R R1 (1 ) n
n p

2 2 1
1 , where p is the

total number of regressors in the model, and n is the sample size.
2. This study applied a greedy search to find the ‘best’ structure which is constructed arbitrarily for expenditure estimation.

Table 8
The distribution of future medical expenditure by stages.

Stage Medical expenditure estimation in normal distribution

I P(Expenditure estimation| Outpatient expenditure(OE), Inpatient expenditure(IE))= +Log OE ln IE(11.6061 0.0894 (ln( )) 0.1635 ( ( )), 1.367 )2

II P(Expenditure estimation | Outpatient expenditure(OE), Inpatient expenditure(IE))= N ln OE IE(370,232.8 3014.357( ( )) 0.031( ), 278, 776. 7 )2

III P(Expenditure estimation | Outpatient expenditure(OE), Inpatient expenditure(IE))= N OE IE(516,583.6 0.1795( ) 0.4486( ), 300, 224. 3 )2

IV P(Expenditure estimation | Outpatient expenditure(OE), Inpatient expenditure(IE))= + +LogN ln OE ln IE(11.9765 0.0526( ( )) 0.0131( ( )), 1.0833 )2
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Pneumonia 1.88 2.82 2.12 2.49 3.31 3.07 2.62 2.32 2.14
Emphysema 7.36 9.02 3.90 5.26 9.04 7.05 5.79 5.56 5.30
Asthma 1.32 1.78 1.44 1.52 2.37 1.68 2.01 1.71 1.67
Allergic Rhinitis 0.57 1.02 0.66 0.87 0.83 1.14 1.05 0.83 0.82
Chronic Bronchitis 4.45 4.58 5.17 3.74 6.56 4.75 5.51 4.72 4.50
Chronic Sinusitis 0.89 1.32 1.76 1.35 0.99 1.35 1.12 1.08 1.07
DIGESTIVE
Cirrhosis 1.95 2.47 1.86 2.54 3.78 2.58 2.49 2.29 2.31
Peptic Ulcer 1.53 2.84 2.61 2.89 3.33 3.31 2.55 2.86 2.70
MUSCULOSKELETAL
Osteoporosis 2.62 4.12 3.71 3.21 3.04 4.11 2.84 3.56 3.40
Arthritis 3.03 4.19 5.77 3.79 5.43 3.66 5.37 4.08 3.93
CONTAGIOUS
Tuberculosis 7.86 8.10 9.75 7.16 7.96 6.44 6.41 7.58 7.11
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