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Abstract
Background: Economic theory and earlier empirical evidence 
suggest that patients will use fewer health services when they have 
to pay more for them. However, that copayment had little or no effect 
on visits to physicians.
Objectives: This study exploits a natural experiment in Taiwan 
to estimate the effect of an increase in copayment on the demand 
for physician services and prescription drugs across the different 
dimensions of age, illness severity and patient behavior.
Methods: Data were taken from the National Health Research 
Institute (NHRI) in Taiwan for the period of 1998 to 2000 and 
contained enrollment and claims files from a randomly chosen 
0.2% of Taiwan’s population. The deletion of observations with 
missing values for any of the dependent or independent variables 
resulted in a final sample size of 69 768 individuals. The basic 
empirical strategy is to pool the data over the two years in question 
and estimate the effects of the reform by comparing the expected 
number of visits before and after the reform. We explored several 
alternatives stratifying the treatment in order to improve the quality 
of the identification.
Results: We found that the reduction in visits was rather conservative 
with the DD estimates ranging from -0.08 to -0.17 compared to 
the estimate of -0.38 without stratification. The reform effect will 
most likely be exaggerated if the unobserved heterogeneity of the 
individual, such as health status and behavior, is not considered in 
the model.
Keywords: Trajectories, Patient’s Visiting Behavior, Copayments, 
Morbidity Risk
Introduction
   This study constructed two trajectories of patient’s medical cost 
incurred and his/her predicted morbidity respectivelyin assessing the 
effect of health policy. It is well known that randomly assigning a 
control group is important in the assessment of policy reforms or new 
interventions [1]. However, it may not always be possible for researchers 
to implement a randomized experiment. Therefore, most literature 
relied on a natural experiment under a National Health Insurance 
(NHI) scheme where certain groups of the population exempted

from the cost sharing mechanisms are natural candidates for the 
control group [2]. The difference of the change in medical utilization 
before and after the reform between the treatment and control group, 
i.e.,the difference-in-difference (DD) estimation, was a measure for 
evaluating the impact of thepolicy reform.
   However, under an NHI system the exemptions were most often 
granted to recipients of certain government benefits such asthose 
for income support or disability. There is an endogeneity problem 
when the division into treatment and control is based on welfare and 
low income. In addition, a shortcoming of the natural experiment 
is the lack of controls for unobserved person specific heterogeneity. 
Thus, the candidates for the control group may be too different to 
provide good matches for those in the treatment group [3]. This type 
of heterogeneity is important in assessing the reform effect for two 
reasons. First, an unobserved individual’s health risk may generate 
significant influences on health care demand, which should not be 
attributed to the price effect of the increases in cost sharing. Second, 
behavioral idiosyncrasies such as the propensity to seek health care 
given the same morbidity level might differ in unobservable but 
systematic ways between individuals. Therefore, it is not surprising 
that the empirical results regarding the cost containment effect onthe 
demand sideof healthcare is mixed in the literature [4,5] and left 
open to address. An approach which allows one to control for the 
unobserv ables improves the quality of the comparison group and 
the efficiency in assessing policy effect. In this study we proposed an 
index to characterize an individual’s behavior of seeking healthcare. 
Using Taiwan’s NHI data as an illustration, we demonstrate how to 
evaluate the reform effect across heterogeneous patient’s visiting 
behavior.
   The remainder of this paper is organized as follows. In the next 
section, we first show how to construct an indicator for characterizing 
the patient’s visiting behavior. In particular, two trajectories of 
the patient’s morbidity and healthcare utilization are devised 
respectively for this purpose. We then provide a brief description 
of the copayment reform under Taiwan’s NHI and the data that was 
employed in this study. The empirical results in the different models 
w/ and w/o incorporating the index for patient’s visiting behavior are 
presented in Section 3 while Section 4 discusses the reform effects 
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w/ and w/o the stratification of patient’s visiting behavior. We draw 
our conclusions in section 5.
Methods
   For each individual, we constructed two trajectories: one using 
predicted resource indexand the other using the number of doctor 
visits actually incurred. On the one hand, a trajectory for the number 
of outpatient visits an individual incurred, i.e., doctor visittra jectory, 
was constructed using two observations: one based on data from the 
pre-reform period while another from the post-reform period. On 
the other hand, the Johns Hopkins Adjusted Clinical Group (ACG) 
[6] Case-mix System was employed to predict an ACG morbidity 
measure for each patient as the benchmark index reflecting his/her 
health risk.
   An individual’s health risk was usually measured through the 
information from survey, laboratory or claims data. Survey or 
laboratory information could not be obtained on a large scale 
given the cost consideration, while claims data is easily accessible 
in a healthcare system requiring electronic claims submission for 
reimbursement, such as in Taiwan. The Johns Hopkins ACG Case-
mix System is one of the most popular risk adjustment systems that 
can be used to evaluate an individual’s health risk using claim data7. 
Even though the ACG system was developed in the United States, 
it has been adopted globally, including many European countries, 
Canada and some Asian countries [7-15].  Research has shown 
that the performance of the ACG system in Taiwan is comparable 
to that of the United States [10, 16]. The ACG morbidity measures 
are a series of mutually exclusive, health status categories defined 
by morbidity, age, and sex and are used to determine the morbidity 
profile of patient populations to allow for more equitable comparisons 
of utilization across two or more patients. A higher predicted ACG 
index indicates that the individual has a greater morbidity burden as 
well as a higher health risk and is assumed to consume more than the 
average amount of health services in the future. The variation trend 
of the patient’s ACG indexes over successive periods can be thought 
of as that patient’s “morbidity trajectory” or “health risk trajectory” 
[17]. Improvements or deteriorations in a person’s predicted health 
status can be found through the variation trend of his/her health 
risk trajectory, which could explain a large portion of the reduction/
increase in the number of doctor visits. Thus we should control for 
that changes in health status in order to assess the price effect of the 
reform.
   From the pre to post period, three possible patterns of change for 
each of the above two trajectories could be identified: increasing, 
decreasing, or erratic. By contrasting the two trajectories with three 
patterns each, nine combinations were possible. For patients with the 
two trajectories of the same pattern (both increasing, both decreasing, 
and both erratic), we assume that doctor visits are mostly attributed 
to individual’s morbidity burden because the variation of the two 
trajectories coincide with each other. Under such circumstances, the 
changes in medical utilization should not be attributed to the policy 
reform because its variations reflect the results of a patient’s health 
risk, i.e., their true medical needs. On the other hand, individuals in 
the remaining combinations are of two kinds. One is featured by the 
overconsumption of medical resources when morbidity trajectory is 
decreasing whilst the doctor visits trajectory is increasing or erratic 
,or where morbidity trajectory is erratic but the doctor visits trajectory 
is increasing. Individuals with one of these patterns are likely to incur 
moral hazard because the variations in their actual medical utilization 
are constantly higher than those in their predicted morbidity level.  
We defined individuals with these patterns as MH group. The other is 
constituted by the rest in which individual’s actual medical utilization 
is less than her/his morbidity burden.
Data source and study subjects
   As an illustration of the proposed methodology, this study employed

Taiwan’s NHI claims data prepared by the National Health Research 
Institute (NHRI) between January 1, 1998 and December 31, 2000, 
within which a major policy change in copay ment occurred. Ever 
since the implementation of the compulsory single-payer program, 
Taiwan’s NHI adopted various measures to constrain the rapid increase 
in outpatient costs. There were several amendments to the copayment 
system. However, the reform initiated in 1999 was the biggest given 
the large and multifaceted impact on the health coverage of the people 
in Taiwan. Beginning on August 1, 1999 the NHI implemented a new 
copayment system which substantially increased the copayment rate 
to 20% for ambulatory care and outpatient prescription drugs for 
all but two insured categories: (1) those insured with a low-income 
status as qualified by the Social Support Law, and (2) veterans and 
their survivors. The fact that people belonging to these two insured 
categories are left unaffected by the new copayment system allowed 
us to construct a natural control group for performing DD estimation 
in evaluating the reform effect.
   The data contained enrollment and claims files from a randomly 
chosen 0.2% of Taiwan’s population (approximately 20 million 
individuals). The enrollment files contained individual subscription 
information and demographic factors, including sex, date of birth, 
and the category of the beneficiary based mainly on occupation 
and income. The claims files contained comprehensive records 
of utilization of ambulatory care including date of service, the 
International Classification of Diseases, Ninth Revision, Clinical 
Modification (ICD-9-CM) diagnosis codes, claimed medical 
expenses, and the amount of copayment for each encounter. We 
dropped the observations in the year 1999 (when the policy reform 
occurred) to avoid transition effects3. We included subjects with 
at least one calendar year of enrollment before (1998) and after 
the reform (2000) and without missing values on dependent or 
independent variables. The final sample size was 69,768 individuals.
Empirical model
   We built three negative binomial (NB) models to evaluate the impact 
of the policy reform in copayment on the number of doctor visits. 
The first model served as a benchmark and included independent 
variables as follows: 1) a group indicator (treatment group vs. control 
group); 2) a period indicator (pre- vs. post-reform); 3) an interaction 
term of group and period; 4) an individual’s characteristics including 
gender, age, the identity status for major illness ( ). In the second 
model, we in corporate the constructed index for characterizing the 
patient’s behavior of doctor visits, i.e., the moral hazard index (MH) 
in the regression. The variable of interest in the bench mark and the 
second model is the coefficient associated with the interaction term. 
If it is negative, the demand for doctor visits in the treatment group 
falls relative to that in the control group after the policy reform. 
However, the effect of reform might be expected to vary depending 
on different patient behavior. Since multiple interactions can be used 
to define exactly who is exposed to treatment and also to allow for 
heterogeneity in the size of the treatment effect1. We employed the 
differences-in-differences-in-differences (DDD) approach to allow 
for the interaction among the reform, the treatment and the MH 
which indicated patient’s behavior with moral hazard. In addition to 
the variables in the second model, the third model thus also included: 
1) an interaction terms of MH and the control group indicator; 2) an 
interaction terms of MH and period indicator; and 3) an interaction 
terms of MH, control group and period indicator. The last interaction 
term captures the variation in visits specific to the treatment group 
(relative to the control group) with specific patient’s behavior of MH 
(relative to non-MH) after the reform (relative to before the reform), 
and is therefore the DDD estimator of the reform effects on doctor 
visits.
Results
Descriptive statistics
   As shown in Table 1, the sample ratio of treatment and control
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Item Year 1998 Year 2000
Treatment Group Control Group Treatment Group Control Group

Average numbers of 
doctor visits

8.065 6.372 7.622 6.406

Average Age 32.577 34.275 34.577 36.275
Age 65 and above 
(The Elderly=1)

6.440% 13.320% 7.80% 14.21%

Gender (Female=1) 50.49% 46.61% 50.49% 46.61%
Major Illness Identity 
(MI-ID=1)

0.012% 0.021% 0.016% 0.027%

MH (=1) 21.90% 21.10% 21.90% 21.10%
Average visits by 
MH group

6.825 5.919 9.639 9.166

Average visits by 
non-MH group

6.876 6.494 7.062 5.715

Total Average visits 7.836 7.458
Observations 30,170 (86.5%) 4,714 (13.5%) 30,170 (86.5%) 4,714 (13.5%)
Total Obs. 69768

Table. 1 Descriptive Statistics

group is 86.5% vs. 13.5%, respectively. The average number of visits 
decreased significantly (t=-5.19) after the reform for the treatment 
group, but did not change significantly (t=0.1649) for the control 
group. This may be due to the fact that the control group has a larger 
proportion of major illness identity status and of the elderly, which 
coincides with the expectation from which the demand for medical 
care is known to increase significantly with illness severity and with 
age. However, the control group has a smaller average number of 
visits relative to the treatment group both before and after the reform. 
This could be due to a difference in other unobservable characteristics 
associated with patient’s behavior, and subsequent analysis will 
attempt to address this issue.
   Over all, the composition structures of age, gender,major illness 
identity statusand MH differed significantly across the two groups 
both before and after the reform. The χ2 tests for independence 
rejected the null hypotheses at the 0.05 significance level. In 
addition, the two-sample test with unequal variances also rejected 
the hypothesis that the mean values of these control variables were 
equal. In specific, the female ratio of the control group is lower than 
that of the treatment group. The higher average age of the control 
group was mostly due to a higher proportion of individuals aged 65 
and above.

The MH sample ratio in the control and treatment group is almost 
equivalent (21.1% vs. 21.9% respectively). The visits of MH group 
after the reform are not only larger than those of non-MH group but 
also larger than the total average visits. The discrepancies of visits 
between MH and non-MH for the control group after the reform 
are almost 2 times those for the treatment group. It indicates that 
the effects of the reform may be an illusion if the heterogeneous 
visiting behavior between treatment and control group is not well 
controlled for. It also explains, although in part, the above mentioned 
phenomenon of the slightly increased visits in the control group after 
the reform.
Results in the different models
   Two sets of the regression w/ and w/o incorporating the MH variable 
respectivelyare performed using a variety of the pooled NBs and the 
panel NBs. The results are displayed in Table 2. In the pooled NBs the 
standard errors were adjusted to account for the heteroscedasticity of 
the unknown form and the correlation between observations for the 
same person. The parameters of the fixed-effects negative binomial 
(FENB) model were estimated using the conditional maximum 
likelihood function [18]. In it the mean is homogeneous without 
shifting the conditional mean function by the fixed effect, so that both 
the overall constant and the time invariant covariates are allowed in 
the model.

Item Model 1 Model 2 Model 3
Pooled NB RENB FENB Pooled NB RENB FENB D D D 

Regression
Reform -0.007 0.078** 0.084** -0.011 0.099** 0.187** -0.072**

(0.020) (0.018) (0.019) (0.020) (0.018) (0.019) (0.022)
Female 0.261** 0.444** 0.273** 0.260** 0.439** 0.261** 0.340**

(0.013) (0.012) (0.026) (0.013) (0.012) (0.026) (0.028)
65 and Above 0.546** 0.281** 0.019 0.546** 0.279** 0.031 0.008

(0.024) (0.020) (0.033) (0.024) (0.020) (0.032) (0.032)
MI-ID 0.195** -0.049 -0.226** 0.195** -0.056 -0.233** -0.177**

(0.061) (0.042) (0.064) (0.061) (0.042) (0.064) (0.060)
MH 0.033** 0.247** 1.162** 1.879**

(0.016) (0.015) (0.049) (0.153)

Table. 2 to be Cont.......



Page 4 of 7

 J Pub Health Issue Pract                                                                                                                                          JPHIP, an open access journal
Volume 5. 2021. 174                                                                                                                                                 ISSN- 2581-7264

Treatment 0.270** 0.433** 0.461** 0.270** 0.430** 0.459** 0.537**
(0.024) (0.021) (0.039) (0.024) (0.021) (0.040) (0.044)

Treatment ×Reform -0.062** -0.078** -0.078** -0.061** -0.079** -0.082** 0.783**

(0.021) (0.019) (0.020) (0.021) (0.019) (0.019) (0.034)
MH×Reform -0.087**

(0.023)
MH×Treatment 0.024

(0.170)
MH×Treatment×Reform -0.010

(0.035)
Intercept 2.372** 0.579 0.141* 1.626** 0.291** 0.101** 0.244**

(0.066) (0.050) (0.078) (0.025) (0.024) (0.040) (0.044)
AIC 423478.8 410154.4 147019.4 423473.9 409883.5 146292.8 141274.8
BIC 423552 410236.8 147082.7 423556.2 409975 146365.1 141374.2
Observations 69768 69768 62116 69768 69768 62116 62116
Note: Significance levels: * 10%, ** 5%, ***1%. 

Table. 2 Reform Effects in Different Models

   The results were similar across differentestimation techniques.
Models that included the dummy variable MH, which indicatesthat 
an individual’s variation in doctor visit trajectory out-raced that 
of his/her health risk trajectory of ACG morbidity burden, offered 
a substantial improvement as reflected both infavorableSchwartz 
Information Criterion (SIC) and the Akaike information criterion 
(AIC). The effect of the reform indicated by the interaction term of 
policy reform and the treatment group was negative with statistical 
significance in all cases. Women andthe elderly had more visits,which 
agreed with the literature. Both coefficients of the MH and the 
treatment group were all significantly positive.
   However, the estimated parameters differed slightly between the two 
specifications of the pooled and the panel NBs. First, the coefficient of 
the reform dummy indicated that there was a statistically significant 
increase in the expected number of visits after the reform for the 
panel model, while it wasnegative although statistically insignificant 
otherwise.The increase associated with reform itself is not converted 
to the expected decrease due to the interaction effect of treatment and 
reform. Besides, the increase in the year dummy may also arise from 
the rising income, the new technology in medicine, improvements in 
access to clinical services and better quality of healthcare that resulted 
in a yearly increase in outpatient utilization. Second, individuals with 
a major illness identity (MI-ID) had more visits for the pooled but 

less visits for the panel estimation. A possible explanation for this    
may beowing to the factthat individuals with a MI-ID can receive 
free refills from pharmacies other than from clinics following their 
initial doctor visit.   
   The above ambiguity between these estimated coefficients may be 
attributed to the distinct nature among different model specifications. 
It should be noted that the longitudinal data employed in the current 
study is a rather short panel with only two periods of observations for 
a given person. The presence of an individual specific heterogeneity 
term would invalidate the assumption of independent sampling. Since 
FENB accounts for the latent heterogeneity and for its correlatedness 
with the exogenous variables [1, 19], it follows that the estimation 
results from FENB are much more robust and efficient than those 
from the other alternatives. Both the SIC and the AIC suggest a 
preference for the FENB specification. In addition, the Hausman test 
also rejected the random specification and confirmed the evaluation 
that the FENB corresponds to the data.Thus, we focused on FENB in 
the following DD and DDD estimations.
Discussion
Reform effects
   The bootstrapping results of the DD estimates are shown in Table 
3, which is computed as follows.   

Model 1 Model 2
Pooled NB RENB FENB Pooled NB RENB FENB

SD of 
Treatment

-0.5412* 0.0012* 0.0487* -0.5709* 0.2067* 0.8267* 
(0.0005) (0.0000) (0.0002) (0.0005) (0.0010) (0.0035)
( - 0 . 5 4 2 1 , 
-0.5402)

(0.0011,	
0.0012)

(0.0482,	
0.0491)

(-0.5719,	
-0.5699)

(0.2048,	
0.2087)

(0.8197,	
0.8336)

SD of Control -0.0442* 0.5378* 0.4343* -0.0681* 0.6849* 0.9745* 
(0.000) (0.0026) (0.0020) (0.0001) (0.0035) (0.0043)
(-0.0443,	
-0.0441)

(0.5326,	
0.5430)

(0.4304,	
0.4381)

(-0.0683,	
-0.0680)

(0.6780,	
0.6917)

(0.9661,	
0.9829)

DD -0.4970* -0.5367* -0.3856* -0.5028* -0.4781* -0.1479* 
(0.0004) (0.0027) (0.0017) (0.0004) (0.0024) (0.0007)
(-0.4978,	
-0.4961)

(-0.5419,	
-0.5315)

(-0.3890,	
-0.3822)

(-0.5036,	
-0.5019)

(-0.4829,	
-0.4733)

(-0.1493,	
-0.1465)

Note: Significance levels: * 10%, ** 5%, ***1%. Bootstrapped standard errors and confidence intervals in parentheses.
Table. 3 DD Estimates
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    Using Eq. (2), the DDD estimator can be decomposed into effects 
that are induced by moral hazard and that are the change in genuine 
health needs.In specific, each bracket in Eq. (2) constituted a SD 
of the pre-post comparison within the treatment and control group 
respectively under certain patient’s behavior. The bootstrapping 
results of the above DDD estimation are shown in Table 4 where 
each cell contains the mean of SD in the average number of visits 
along with the standard errors and confidence intervals. The first two 
brackets of SDsin Eq. (2) compare changes in doctor visits for MH 
group. They not only showed the variations in medical utilization 
over time, but also the MH individual’s behavioral response to the 
policy reform. On the other hand, the last two brackets of SDsin Eq. 
(2) indicate the changes in medical utilization over time for non-
MH group and reflect the individual’s genuine needs for healthcare. 
Subtracting the above two sets of SDs respectively for patients with 
behavior of MH and non-MH yields two DD estimatorsas shown 
in Table 4. It is apparent that the DD estimator is significantly 
negative (-0.2799)only when individuals belong to non-MH group. 
On the contrary, when individuals are inclined to have moral hazard 
behavior, i.e., MH group, the DD estimator is positive with statistical 
significance (4.5037). This indicates that for patients whose 
propensity to consume out-performs their genuine needs for medical 
care, there is an increase in visits in the treatment group relative to the 
control group after the reform. Since the treatment group has higher 
income than do the control group, our result is consistent with the 
findings that in most countries higher income people actually visited 
their physician more often than before the co-payments were imposed 
[20-22]. The difference between these two DDs yields the predicted 
DDD of 4.7835, which shows a statistically significant increase in 
doctor visits. Thus, the reform appears to have no constrained effect 
when patient’s moral hazard behavior is incorporated in the model.

   Where ˆity  is the estimation for the number of doctor visits, g=1, 0 denotes 
for thetreatment and the control group, t=1. 0 denotes for the pre- and post-
reform, SDg=1 and SDg=0 are simple difference (SD) in the pre-post change of 
the estimated numbers of doctor visits for the treatment and control group, 
respectively.The reform effect (DD) is negative in all cases and is statistically 
significant as shown in Table 3. Compared to the other NB specifications, 
the FENB generates the most conservative estimate of the reform effect, 
amounting to a reduction of -0.15 and -0.39 in the expected number of visits 
for the treatment group relative to the control group, w/ and w/othe variable of 
MH included among the regressors respectively. It is obvious that the reform 
effect is left almost half when the heterogeneity in patient’s visiting behavior 
of the MH variable is controlled.

   The DD estimator can be further decomposed intotwo components of    SDg-1 

and  SDg-0 based on the above Eq. (1). With the MH variable included among 
the regressors, i.e., Model 2 in Table 3, and again based on the FENB model, 
the expected number of visits for the control group increased by 0.97. The 
expected number of visits for the treatment group also increased by 0.83, It 
is obvious that the increase of the doctor visits in the control group after the 
reform is larger than that in the treatment group thus resulting in the overall 
reform effect of a 0.15 reduction. Since the exemptions for copayments in an 
NHI scheme are most often deliberately granted to vulnerable citizens, it is 
possible that the patient’s visiting behavior exhibited substantial differences 
between the treatment and control group. We employed the DDD regression 
using the constructed MH index to see if this is true.

Reform effects across different patient’s behavior
   The results of the DDD regression are shown in the last column of 
Table 2. It can be noticed that for treatment group with MH behavior, 
the presence of co-payment leads to a small but insignificant decrease 
(-0.010) in doctor visits. Moreover, the coefficient of the reform 
effect turns positive (0.783) with statistical significance. The reform 
appears to have no constrained effect when certain patients’ moral 
hazard behaviors are controlled in the model.To further investigate 
whythe reform appears to have no constrained effect from the above 
DDD approach and to examine how patients with moral hazard 
behavior respond to copayment reform differently between treatment 
and control group, we calculated the within-group DD controlled for 
patient’s behavior as follows:

Treatment	 Control DD DDD
MH 14.8813* 10.3777* 4.5037* 4.7835* 

(0.0096) (0.0066) (0.0029) (0.0031)
(14.8625, 	
14.9002)

(10.3648, 	
10.3905)

(4.4981, 	 4.5092) (4.7774, 	 4.7896)

Non-MH -0.3868* -0.1069* -0.2799* 
(0.0002) (0.0001) (0.0002)
(-0.3872,	-0.3863) (-0.1070,	-0.1067) (-0.2802,	-0.2795)

Note: Significance levels: * 10%, ** 5%, ***1%. 
Bootstrapped standard errors and confidence intervals in parentheses.

Table. 4 DDD Estimate

   The DDD approach thus constructed can alleviate the possible 
selection bias caused by the unobserved individual’s heterogeneous 
behavior as follows. The individual’s health risk is generally time 
varying and unobservable, and thus cannot be subtracted or eliminated 
by the DD approach. The ACG predicts an individual’s morbidity 
burden and served as a benchmark for indicating an individual’s 
health risk. The discrepancies over time between the ACG estimates 
and real consumption of medical resources can thus be attributed to 
those causes that are other than patient’s genuine needs for health

care. The selection bias caused by the time varying unobserved 
behavioral factor, i.e., the individual’s moral hazard, can thus be well 
controlled for. Although there is evidence suggesting the validity of 
incorporating morbidity factors for improving prediction in future 
medical utilization and health outcomes [8, 13, 15, 23], to the best 
of our knowledge, there is not yet an application of the ACG system 
with the aim of identifying patient’s visiting behavior for improving 
the assessment of the reform effect.
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Implications for Behavioral Health
   In this study we constructed an index indicating whether an 
individual is vulnerable to the behavior of moral hazard by 
matching two trajectories of the ACG morbidity estimate with actual 
medical utilization. We demonstrated the validity of the proposed 
methodology with an illustration of how to identify the differences 
in outcomes caused by the individual’s heterogeneous behavior in 
assessing the policy effects. The effect is found to be less profound 
when the heterogeneity in patient’s visiting behavior is controlled. 
We showed that the estimated reform effect would be an illusion and 
be misleading if the patient’s visiting behavior is not incorporated 
in the model. The proposed methodology can be equally applied to 
the evaluation of other health policy reforms and/or interventions in 
which patient’s behavior plays an important role in the outcomes of 
health and medical utilization.
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