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A B S T R A C T   

Objectives: There is limited evidence on methods to allocate budgets to healthcare providers under capitation 
schemes. The objective of this study was to construct and test models that predict outpatient visits and expen-
diture for each healthcare facility using subscriber data from the preceding year. 
Study design: We used the database of the Universal Coverage Scheme in Bangkok, Thailand that stores subscriber 
information and healthcare service utilization data. One-percent and ten-percent random samples of subscribers 
were selected as training and testing groups, respectively. 
Methods: Using data of the training group, we constructed a model using a random forest algorithm to predict 
outpatient visits and expenditure in 2017 from the 2016 data. The model was applied to the testing group and 
facility-level predicted number of visits and expenditure were compared with actual data. 
Results: The identically-structured training and testing groups consisted of 37,259 and 371,650 subscribers, 
respectively. Approximately 25% of subscribers utilized outpatient services. The R2 for models predicting 
facility-level utilization rate (visits/subscribers) and expenditure per subscriber in 2017 were 0.85 and 0.75, 
respectively. 
Conclusions: The model to predict outpatient visits and expenditure performed well. Such a prediction model may 
be useful for allocating budgets to healthcare facilities under capitation systems.   

1. Introduction 

Universal health coverage (UHC) is a global agenda for all countries to 
provide health services and financial risk protection to all their citizens [1]. 
The concept of UHC, as stated in the world health report 2010, focuses on 
three dimensions, namely the health services that are needed, the number of 
people that need health services, and the costs to whoever must pay for the 
services [2]. A country’s health financing systems must be strengthened to 
ensure that financial barriers to access health care be removed and that no 
financial hardship occurs after utilization of health care. Improving universal 
coverage requires health finance systems that address sufficient funds, pool 
these funds to spread financial risks, and spend the funds wisely [3]. 

Financial risk protection for health care has been established in 
Thailand since 1975. Currently, there are three major health insurance 
schemes. The Universal Coverage Scheme (UCS), managed by the Na-
tional Health Security Office (NHSO), covers the majority of the popu-
lation [4]. Under UCS, patients are provided with basic outpatient 
services free of charge. Payments are managed by the capitation allo-
cated to health-care facilities. In Bangkok, the capital city of Thailand, 
the NHSO Region 13 Bangkok (BKKNHSO) receives and manages a 
budget for outpatient services from the NHSO Headquarter Office 
through the differential capitation by age structure of subscribers in the 
province. The budget is then allocated to health-care facilities within the 
administrative level of the BKKNHSO. However, there have been 
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informal feedback from health-care facilities that allocation of capita-
tion for outpatient services and their health expenditures is not 
balanced. 

Although methods to pool and spend funds for health are important 
for health finance systems globally, there is limited evidence on the 
optimal methods for allocating a budget to individual health-care pro-
viders under capitation schemes. Basic demographics such as age and 
sex have been shown to explain a small proportion of the variation in 
health-care expenditure [5–8]. Previous studies from high-income 
countries such as England, Canada, and Italy have shown that more 
equitable allocation may be possible by building prediction models with 
more variables including morbidity measures, services provided, 
health-related quality of life, and socioeconomic status [8–13]. Such 
methods may be particularly important in resource-limited regions. 
However, to our knowledge, no such study from middle-income coun-
tries have been reported. 

Following the development of a population-based database of health- 
care service data by the BKKNHSO, a detailed analysis of UCS subscriber 
data in Bangkok became possible. Therefore, we conducted a study to 
construct a model that uses subscribers’ attributes from one particular 
fiscal year to predict the number of outpatient visits and expenditure in 
the subsequent fiscal year. We evaluated the correlations between the 
predicted and actual number of visits and expenditure for health-care 
facilities in Bangkok. 

2. Methods 

This study was approved by an institutional review board and con-
ducted under an agreement with BKKNHSO to utilize the de-identified 
data. 

2.1. Data source 

We used the database of BKKNHSO which stores data of all health-
care services (outpatient services, inpatient services, health promotion 
and prevention services) provided to UCS subscribers in Bangkok. The 
service transaction data are submitted to BKKNHSO from health-care 
facilities (hospitals, clinics, and health centers). Data on diagnosis, 
procedures, drugs, examinations, and medical charges are included. In 
addition to health-care service information, subscriber data, including 
demographic data and registration of non-communicable chronic dis-
eases, are recorded. 

The subscriber data and outpatient service transaction data for the 
2016 and 2017 fiscal years (FYs), i.e. from October 2015 to September 
2017, were used for this study. 

2.2. Participants 

Our interest was on predicting service utilization of the full popu-
lation using models derived from a smaller group of subscribers. To 
explore the feasibility of the method, we randomly sampled 1% and 10% 
of subscribers observed through FYs 2016–2017 to obtain training and 
testing groups, respectively. Subscribers who withdrew from UCS in 
FY2017 were excluded. The datasets were constructed from the database 
as subscriber-based aggregated data representing subscriber’s condi-
tions, frequency of visits, and annual health expenditure on outpatient 
services. 

2.3. Variables 

Service utilization details of a subscriber in FY2016 were used as 
predictors and the summary of services of the same subscriber in FY2017 
were used as outcomes. Subscribers’ characteristics included sex, age, 
home registration (Bangkok resident or migrant), main healthcare fa-
cility that they were registered to (main contracting unit), and whether a 
subscriber ever utilized a service during FY2016 (user or nonuser). Age 

was classified by 10-year categories, and those over 80 years were 
categorized into single group. The chronic disease registration data were 
used to identify subscriber’s underlying non-communicable diseases 
including cancer, diabetes, hypertension, stroke, asthma, chronic 
obstructive pulmonary diseases (COPD) and cardiovascular diseases 
(CVD). 

Nineteen diagnoses categorized by International Classification of 
Diseases, 10th revision (ICD-10) chapters were identified from diagnosis 
records in the service transaction data in FY2016. The diagnoses and 
ICD-10 codes are presented in Supplementary Table 1. Diagnosis cova-
riates were categorized into 3 groups: presence of diagnosis records 
(diagnosed user), history of service utilization during FY2016 but no 
record of diagnosis (non-diagnosed user), and no record of diagnosis 
because no services were utilized (non-user). 

Medical charges were used to identify utilization of the following 8 
services during FY2016: medicines; blood transfusion; examinations; 
radiology; special diagnostics such as echocardiography; medical 
equipment (for example, infusion pump and oxygen saturation 
monitor), procedure and anesthesia; hospital fee; and doctor fee. These 
medical charges were used as binary variables (resources consumed or 
not for each type of service). Health promotion and prevention services 
were summarized into the total number of visits. Inpatient data were 
used to identify the number of admissions, length of hospitalization, and 
relative weight based on the Diagnosis-Related Group system. 

The two outcome variables of this study were the number of outpa-
tient visits and expenditure in FY2017, which also included the referral 
outpatient services that were provided at referral hospitals and billed to 
the main contracting unit of each subscriber. 

2.4. Statistical analysis 

The data were analyzed using R version 3.4.0 (R Foundation for 
Statistical Computing, Vienna, Austria, 2017). The ‘randomForest’ 
package (version 4.6–14) in R was used to conduct the random forest 
analyses. Prediction models were constructed at the subscriber level 
using data from the training group with subscribers’ attributes in 
FY2016 as predictors. The following 43 candidate covariates were 
included: patient type (user or non-user), sex, age, home registration, 
non-communicable diseases from the chronic disease register (coded as 
7 dummy variables), diagnoses from transaction data (coded as 19 
dummy variables), use of services (coded as 8 dummy variables), 
number of outpatient visits, number of health promotion and prevention 
services, number of inpatient admission, total length-of-stay in hospital, 
and total relative weight of inpatient services. The outcome variables 
were the incremental number of outpatient visits and expenditure in 
FY2017 compared with those of FY2016. A different model was con-
structed for each outcome. The number of trees was set at 500 and the 
number of random candidate variables to be entered was selected by 
running the tuneRF function. We applied the models to the testing group 
to calculate the predicted number of visits and total expenditure in 
FY2017. The R script for our prediction is presented in the Supple-
mentary Material. 

The subscriber-level data were aggregated into facility-level data to 
calculate the predicted and actual number of visits and expenditure for 
each contracting unit which subscribers were registered to. The 
following facility-level variables were also calculated: number of visits 
per subscriber (utilization rate), and average expenditure per subscriber. 
Descriptive statistics of predicted and actual values of these variables 
were compared with stratification by the type of health-care facility 
(hospital, clinic, and health center). Predicted utilization rate and 
average expenditure per subscriber were compared with actual values 
using correlation analysis. 

3. Results 

There were 37,259 and 371,650 subscribers selected for the training 
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and testing groups, respectively. Subscriber characteristics are presented 
in Table 1. There were no apparent differences in subscriber’s attributes 
between the training and testing groups. The proportions of males and 
females were similar. The most common age group was 0–10 years. One- 
fourth of all subscribers sought outpatient services in a year. Among 
subscribers who sought services, the most common diagnoses were 
diseases of the respiratory system, diseases of the circulatory system, 
endocrine, nutritional and metabolic diseases, and diseases of the 
digestive system. Hypertension was the most prevalent non- 
communicable disease recorded in the chronic disease register (8%). 
The majority of subscribers who visited an outpatient department 
received medicines (84%) and almost half received laboratory tests. 
Subscriber characteristics aggregated at facility level are presented in 
Supplementary Table 2. 

A summary of service utilization in FY2016 and FY2017 is presented 
in Table 2. Within the 91,238 users in the testing group, the average 
frequency of visits was 6.02 per year and the average annual expendi-
ture was 4758.88 baht per user in FY2016. The overall utilization rate in 
Bangkok was thus 1.48 visits/subscriber/year and the average annual 
expenditure per subscriber was 1319.60 baht. In FY2017 the average 
frequency of visits was 6.01 per year and the average annual expendi-
ture was 5371.84 baht per user. The overall utilization rate and annual 
expenditure per subscriber in FY2017 were 1.48 and 1318.76 baht, 
respectively. Service utilization aggregated at facility level are presented 
in Supplementary Table 3. 

The random forest algorithm identified the following five variables 
as the most important predictors for the incremental number of visits 

based on an increase in the mean square error: number of visits, hy-
pertension, laboratory tests, medicines, and radiology services. The five 
most important predictors for incremental expenditure were medicines, 
laboratory tests, number of health promotion and prevention services, 
number of outpatient visits, and being diagnosed with hypertension. 

The relationships between predicted and actual total number of visits 
and expenditures in FY2017 are presented in Fig. 1. The actual and 
predicted utilization rate and average expenditures per subscriber in 
FY2017 are also presented in the figure. As seen from the graphs, the 
model using subscribers’ attributes in FY2016 predicted the outcomes in 
FY2017 well. The predicted and actual utilization rates were highly 
correlated. The overall R2 values for utilization rate and average 
expenditure were 0.85 and 0.75, respectively. Within each health-care 
facility, the R2 values for utilization rate and average expenditure 
were 0.67 and 0.50, 0.88 and 0.88, and 0.79 and 0.72 for clinics, health 
centers, and hospitals, respectively. 

The total number of outpatient visits, utilization rate, total expen-
diture, and average expenditure by different types of health facilities are 
presented in Table 3. The majority of health-care facilities were clinics, 
and number of registered subscribers was largest in hospitals. The uti-
lization rate and average expenditure were lower in health centers 
compared with clinics and hospitals. The means of the predicted and 
actual values for the number of outpatient visits and total expenditure 
were similar in clinics whereas the means of predicted values were 
greater than the actual values in hospitals and health centers. 

Table 1 
Characteristics of subscribers in the training and testing groups in 2016.  

Characteristic Training group (N = 37,259) Testing group (N = 371,650) 

n (%) n (%) 

Male 19,432 (52.2) 194,945 (52.5) 
Age 
≤10 5,842 (15.7) 58,301 (15.7) 

11–20 5,659 (15.2) 57,666 (15.5) 
21–30 4,225 (11.3) 41,341 (11.1) 
31–40 4,457 (12.0) 43,861 (11.8) 
41–50 5,513 (14.8) 54,665 (14.7) 
51–60 5,242 (14.1) 51,998 (14.0) 
61–70 3,681 (9.9) 37,179 (10.0) 
71–80 1,826 (4.9) 17,940 (4.8) 

>80 814 (2.2) 8,699 (2.3) 
Bangkok resident 28,931 (77.6) 288,423 (77.6) 
User 9,582 (25.7) 91,238 (24.5) 
Diagnosis for seeking service* 

Diseases of the respiratory system 2,741 (28.6) 27,178 (29.8) 
Diseases of the circulatory system 2,202 (23.0) 20,370 (22.3) 
Endocrine, nutritional and metabolic diseases 1,985 (20.7) 18,217 (20.0) 
Diseases of the digestive system 1,771 (18.5) 16,909 (18.5) 
Symptoms, signs and abnormal clinical and laboratory findings, not elsewhere classified 1,353 (14.1) 12,637 (13.9) 

Underlying non-communicable disease 
Hypertension 3,141 (8.4) 28,816 (7.8) 
Cardiovascular diseases 339 (0.9) 3,214 (0.9) 
Stroke 328 (0.9) 2,420 (0.7) 
Diabetes 1,567 (4.2) 14,472 (3.9) 
Cancer 446 (1.2) 3,966 (1.1) 
Asthma 365 (1.0) 3,324 (0.9) 
Chronic obstructive pulmonary disease 116 (0.3) 1,098 (0.3) 

Services utilized 
Hospital fee 8,395 (87.6) 79,490 (87.1) 
Medicine 8,102 (84.6) 76,827 (84.2) 
Examination 4,299 (44.9) 39,958 (43.8) 
Doctor fee 4,044 (42.2) 39,187 (43.0) 
Procedure and anesthesia 1,675 (17.5) 14,946 (16.4) 
Radiology 1,632 (17.0) 14,533 (15.9) 
Special diagnostics 903 (9.4) 7,549 (8.3) 
Medical equipment 768 (8.0) 7,163 (7.9) 
Blood transfusion 102 (1.1) 796 (0.9)  

* The five most frequent categories of disease are listed. 
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Fig. 1. Relationships between predicted and actual number of visits, expenditure, utilization rate, and average expenditure in the 2017 fiscal year. Utilization rate 
refers to the number of outpatient visits per subscriber. 

Table 3 
Predicted and actual facility-level outcome variables in different types of facility.  

Variable Hospitals (N = 35) Health centers (N = 68) Clinics (N = 159) All (N = 262) 

Predicted Actual Predicted Actual Predicted Actual Predicted Actual 

Number of subscribers  4,834 (2,944)  344 (482)  1,070 (375)  1,384 (1,792) 
Total visits 7,183 (5,653) 6,719 (6,040) 361 (960) 344 (1,022) 1,743 (750) 1,754 (869) 2,111 (3,011) 2,051 (3,035) 
Utilization rate 1.37 (0.52) 1.25 (0.65) 0.61 (0.47) 0.48 (0.59) 1.63 (0.41) 1.63 (0.55) 1.33 (0.62) 1.28 (0.75) 
Total expenditure, million baht 7.0 (5.5) 6.5 (5.2) 0.2 (0.6) 0.2 (0.6) 1.49 (0.85) 1.5 (0.8) 1.91 (2.99) 1.82 (2.79) 
Average expenditure per subscriber, baht 1,394 (825) 1,301 (846) 363 (366) 280 (409) 1,396 (593) 1,372 (612) 1,128 (736) 1,079 (767) 

Data presented as mean (standard deviation). 

Table 2 
Service utilization of subscribers in the training and testing groups in 2016 and 2017.  

Variable Training group (N = 37,259) Testing group (N = 371,650) 

mean (SD) mean (SD) 

Service utilization in fiscal year 2016 
Number of outpatient visits 1.48 (4.5) 1.48 (4.6) 
Annual outpatient expenditure, baht 1,286 (5,495) 1,320 (7,300) 
Number of health prevention and promotion services 0.86 (2.4) 0.87 (2.4) 
Number of inpatient admissions 0.06 (0.4) 0.06 (0.4) 
Total length of hospitalization 0.40 (4.6) 0.38 (4.5) 
Total relative DRG weight 0.10 (1.0) 0.10 (1.0) 

Service Utilization in fiscal year 2017 
Number of outpatient visits 1.50 (4.7) 1.48 (4.8) 
Annual outpatient expenditure 1,344 (5,611) 1,319 (6,112) 

DRG, Diagnosis Related Grouping; SD, standard deviation. 
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4. Discussion 

The present study was conducted using a database of all UCS sub-
scribers in Bangkok. Using a 1% sample of subscribers, we built a model 
with a random forest algorithm that predicted next year’s number of 
outpatient visits and expenditure for outpatient services from informa-
tion of the previous fiscal year. The model was then applied to a 10% 
sample of the population. The results were aggregated based on sub-
scribers’ registered facilities to predict utilization rate and average 
expenditure for each facility in FY2017. 

The target population of this study was the 3.8 million UCS sub-
scribers in Bangkok. This represents approximately 48% of all people 
living in Bangkok. Of the randomly selected subscribers in this study, 
31% were aged ≤20 years and 17% were aged >60 years. The pro-
portions of children and older adults were higher than those of the entire 
Bangkok population [14]. This reflects the fact that many of the 
working-age people in Bangkok belong to other health insurance 
schemes such as the Social Security Scheme. The data on underlying 
non-communicable diseases showed that 8% had hypertension and 4% 
had diabetes. These numbers are consistent with a previous report [15]. 

Among the study population, 25% of subscribers sought outpatient 
services while 75% did not. The average frequency of outpatient visits 
among users was 6 per year and the overall utilization rate was 1.48 
visits per subscriber per year. This utilization rate is half the rate among 
all UCS subscribers in Thailand [15]. There have been discussions on the 
relatively low utilization rate among Bangkok residents. The reasons to 
support our findings include a lack of recognition of their main con-
tracting unit and seeking alternative services such as over-the-counter 
medications at pharmacies [16]. When we stratified the subscribers by 
the type of health-care facility, a higher utilization rate was seen for 
clinics compared with health centers and hospitals. In addition to the 
difference in subscriber background, access to care may be a possible 
reason for this difference. 

In this study, we used a random forest algorithm to predict the 
number of visits and expenditure from information in the preceding 
fiscal year. Machine learning methods have been shown to have better 
predictive ability than regression models, especially when the number of 
predictors is large and specification of the regression model is difficult 
[17]. In a preliminary analysis of this study, we also found that the 
random forest algorithm had better predictive ability compared with a 
simple regression model (data not shown). The overall prediction results 
at the facility level were accurate with R2 values of 0.85 and 0.75 for 
utilization rate and annual expenditure, respectively. However, the ac-
curacy varied across different types of facilities. The model performed 
better for hospitals and health centers while the R2 was lower for clinics 
(0.67 for utilization rate and 0.50 for expenditure). Services provided at 
public hospitals and health centers may be more uniform and predict-
able whereas clinics are more heterogeneous and therefore relatively 
difficult to predict. 

There have been previous studies that have used models to predict 
service utilization from different countries. In addition to basic de-
mographic information, researchers have included different variables 
such as underlying disease, region, and socioeconomic status and refined 
the models [8–13]. Similarly, we identified different diagnoses recorded 
in FY2016 to describe the underlying conditions. In addition to the 
transaction data, we utilized the chronic disease register to obtain un-
derlying conditions. Also, transaction data of BKKNHSO enabled 
detailed evaluation of different types of services provided to each sub-
scriber. To the best of our knowledge, this is the first study conducted in 
a setting of a middle-income country that used a similar amount of data, 
if not more, as studies from high-income countries. 

The results of this study imply that prediction of the full population 
may be possible from smaller a smaller group of subscribers. The 
BKKNHSO is in the process of validating the model for future use in 
capitation budget calculation. Further improvements to the accuracy of 
the prediction model may be possible by adjusting the determinants and 

comparing the goodness of fit. The data quality is also an important 
factor. Currently, the BKKNHSO has a strong data validation process, 
both automatically in the transaction processing system and human- 
review process, to improve the quality of outpatient service data. 
Further improvement in data quality can also help to improve the ac-
curacy of the prediction model. Furthermore, the method presented in 
this study may be expanded to other regions of Thailand or to other 
countries that currently use only an age structure for capitation budget 
calculation. 

Several limitations of this study must be acknowledged. First, this 
study was based on one year of prediction. Prediction results may differ 
by year. However, it should be noted that there was no specific policy 
change or event that occurred during the study period. Second, the 
outpatient transaction data was the main source of data in this study. 
Additional information such as inpatient data, socioeconomic status, 
and regional characteristics may also contribute to the prediction. 
Finally, this study was targeted at UCS subscribers in Bangkok. The re-
sults may not necessarily be applicable to other population. 

5. Conclusion 

Using the database of the BKKNHSO, we constructed a model to 
predict the next year’s frequency of outpatient visits and expenditure on 
outpatient service from subscribers’ attributes of the previous year. The 
model performed well for three different types of healthcare facilities. 
The prediction model may be useful for allocating budgets to healthcare 
facilities under the capitation system. 
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