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Abstract
 Health check-up program has been widely used to assess community health status and 

to identify people who are at risk according to a significant range of laboratory parameters. The 
laboratory results from a single health check-up is, however, a snapshot of individual health at 
a certain time point in which fluctuation due to biological variation resulting in the unreliable 
measurement of the community health. Laboratory result data collected from multiple health 
check-ups could be used to improve the assessment of community health. However, it is not 
practical to perform frequent health check-ups due to limited resources such as workforce, time 
and budget. In this study, the Markov Chain computational model was developed to predict  
the average distribution of health parameters using data from a single check-up. The results 
demonstrated that the established model gave a better prediction of the average distribution from 
three consecutive check-ups than a single check-up. Therefore, this could be used by Medical 
Technologists and healthcare promoters to predict health status to gain better insight of  
community health. This study also revealed the innovative use of longitudinal health check-up 
data in health promotion.
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Introduction
Population or community health can 

be defined as the distribution of health outcomes 

of a group of individuals(1). Many Health  

professionals, researchers, policymakers  

and volunteers have actively participated in  

improving community health under the  

management of governmental and non-govern-

mental organizations, local authorities and 

private agencies(2). Recently in Thailand, the 

healthcare services have been appointed to 

focus on primary health care to promote  

individual and community health(3). A health 

check-up and screening program has been  

used nation-wide to assess health status of the 

community and to identify healthy people who 

are at risk of health problems or conditions  

such as diabetes, cardiovascular disease and 

metabolic syndrome.(4-8). Although individual 

and community health are intertwined and 

context-dependent(9), a number of people with 

health issue risk are considered the key  

performance indicators (KPIs) that need to be 

monitored and minimized by local health  

promoters(10). 

In practice, assessing the community 

health using data from the health check-up has 

shown some drawbacks. The health check-up 

result parameters of individual fluctuate in  

a period of time due to biological variation,  

time of assessment and other unknown  

factors(11-15). These fluctuations may occur 

between annual health check-ups and affect the 

distribution of the health parameters in the 

community. While an average of results  

gathered from health check-ups could provide 

a more reliable assessment for individual and 

community health, it is not always feasible to 

perform multiple health check-ups to cover all 

people in the community due to limited time, 

budget and human resources. 

A computational model that could 

predict average results of the laboratory test 

using data from single health check-up would 

be useful for assessment of the community 

health. However, the average distribution is 

difficult to predict because it depends on the 

results from each individual which fluctuates 

within a certain period of time. In healthcare 

monitoring, the multistate Markov model has 

been used successfully to predict health out-

come and progression of disease transitioning 

among defined illnesses such as diabetes, 

cardiovascular disease, cancer and metabolic 

syndrome(16-20). For the health check-up, the 

change of the individual results between health 

check-ups reflects a variation of biological state 

that could be modeled by the Markov process. 

This study demonstrates the use of the Markov 

model to predict the average distribution of 

laboratory test results from a single health 

check-up that could serve as a more reliable 

measurement of the community health.

Materials and Methods
Data

The training dataset for the construc-

tion of transition matrix and test dataset were 
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obtained from the health data warehouse at  

the Faculty of Medical Technology, Mahidol 

University, Thailand. The datasets included 

data from the health check-up customers age 

ranges between 35-55 years participated in the 

annual health check-up service from 2011-2015 

in Bangkok and its vicinity. The train dataset 

included the customers who participated in the 

check-up from 2011-2015 consecutively and 

the test dataset included a group of customers 

who participated in the check-up services from 

2012-2014 consecutively. The train and test 

datasets have no common customers. (Table 1)

Table 1 The number of customers in the train and test datasets used to develop and evaluate the 
model of each laboratory test

Test Training Dataset Testing Dataset

Fasting Blood Sugar (FBS) 2738 3795

Triglyceride (TG) 2752 3778

Low-density lipoprotein cholesterol (LDL-C) 2555 3652

High-density lipoprotein cholesterol (male) 
(HDL-C)

2710 1427

High-density lipoprotein cholesterol (female) 
(HDL-C)

1607 2355

Total Cholesterol (CHOL) 2783 3831

Mean individual standard deviation
To construct the transition matrix for 

the Markov model, the results from a test were 

divided into bins of equal width. The standard 

variation (SD) of an individual’s results from 

2011-2015 were calculated to set the width of 

the bin that represents a biological state. All 

standard deviations were then averaged to find 

the mean SD of the group. Then 2.0 x SD or 

2SD was used as the width of the bin. For 

example, the mean SD of the fasting blood 

sugar test is 6.04 mg/dL; therefore, the width 

of each bin is equal to 12.0 mg/dL. The 2SD 

was used based on the assumption that the 

results of the individual at a certain biological 

state could fluctuate within this range. Thus, 

the change of the result greater than 2SD  

signifies the change of the biological state. The 

mean SD and the bin width of each test are 

shown in Table 2.
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Transition probability matrix construc-
tion

The data from all individuals who 

participated in the health check-up program 

consecutively from 2011-2015 were used to 

construct the transition matrix. Using results 

from the first check-up, the difference of  

each test result and the cutoff value was first 

calculated and the difference was then catego-

rized into a bin whose width was obtained  

from the mean SD as described above. Each 

bin represents the reversible state, which is a 

range of the test result of an individual. The 

annualized probability of the transition was 

obtained from the frequency of transition of 

the value to the same bin or a different bin in 

the following check-up.

Prediction of average results distribution
To predict the average results distribu-

tion, the initial frequency matrix was calcu-

lated from the frequency in each bin as described 

in the method section. The initial matrix was 

then multiplied with the transition probability 

matrix to calculate the frequency of the results 

in each bin in the following n year according 

to the formula:

where P is the transition probability matrix 
and χ is the frequency matrix. The frequency 
in each bin from n years were averaged to 
derive a predicted frequency for each range of 
the test results.

Ethical declaration
Ethical approval was delivered by  

the ethics committee at Mahidol University, 
Thailand. The protocol number is MU-CIRB 
2017/027.2401 and certificate of exemption 
(COE) number is MU-CIRB 2017/001.2701. 
MU-CIRB is in full compliance with interna-
tional guidelines for human research protection 
such as the declaration of Helsinki, the Balmont 
report, CIOMS guidelines and the interna-
tional conference on harmonization in good 
clinical practice (ICH-GCP).

χ(n+1) = χnP

Test
Mean Individual Standard 

Deviation (SD)
Bin Width (2SD)

FBS 6.04 12.0

HDL-C (male) 5.52 11.0

HDL-C (female) 5.92 11.6

TG 28.57 57.0

LDL-C 14.63 29.2

CHOL 15.54 31.0

Table 2  The mean individual standard deviation and the bin width of each test
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Results
From the fasting blood sugar (FBS) 

results shown in Fig. 1, the distribution of  

the FBS results from three years varied from 

66.0 to 113.0 mg/dL. According to these data, 

the health promoters could compare the data 

from 2012 and 2013 to evaluate the commu-

nity health status. These could be interpreted 

that a number of people with the borderline 

FBS level (90-101 mg/dL) increased consecu-

tively. However, data collected during 2013 

and 2014 showed a decrease in number of 

people with the borderline FBS level. These 

results demonstrated that the number of people 

with a particular FBS level could fluctuate 

within a three-year period of time leading to 

different interpretation and prediction. As a 

result, the health promoters should always be 

cautious when assessing the health status using 

data from a single health check-up.

Fig. 1 The distribution of FBS levels between 42.0-149.0 mg/dL from the test dataset with the bin 
width equal to 12.0 mg/dL 

Due to lack of a true distribution of the 

FBS results for the community, the average 

distribution is derived by averaging the number 

of people in each bin from 2012-2014. Fig. 2 

showed the average distribution and the  

distribution of FBS levels from 2012-2014. 

Compared with the average distribution, the 

number of people with the borderline FBS 

level in 2012 appeared to be underestimated 

whereas the number of people with the border-

line FBS level in 2013 appeared to be overes-

timated. On the other hand, the distribution in 

2014 was highly similar to the average. The 

average distribution was used to represent the 

distribution of FBS levels for this community 

and serves as a benchmark for prediction.

In general, a series of health check-ups 

must be performed to obtain a reliable average 
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distribution. Unfortunately, the community-

wide health check-up requires a substantial 

amount of budget, time, staff and other  

resources which may not be available on a 

yearly basis. The data from the latest health 

check-up was often used to assess the health 

status of the community which could be  

misleading as shown before. To address this 

problem, the Markov Chain (MC) method  

was used to develop a model that predicts the 

average distribution of data from one check-up. 

The transition matrix was constructed from 

the train dataset as described in the method 

section. The predicted distribution of the test 

dataset is shown in Fig. 3. The correlation 

coefficient (R2) and root mean squared error 

Fig. 2 The average distribution along with the distribution of the FBS levels between 42.0-149.0  
mg/dL from the test dataset

Fig. 3	 The predicted distribution, the 3-year average distribution and the distribution of the FBS levels 
in 2012 from the test dataset. The predicted distribution calculated from the MC model using 
only the data from 2012 was highly similar to the 3-year average distribution, which could help 
health promoters evaluate the health status of a community even without subsequent check-ups 
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(RMSE) between the 3-year average distribu-

tion, the predicted distribution, and the  

distribution of FBS in 2012 are shown in  

Table 3. The scatter plot of the number of 

people between the 3-year average distribution, 

the predicted distribution and the distribution 

of FBS levels in 2012 are shown in Fig. 4A 

and 4B. Although the R2 values from the  

prediction and the data from 2012 were similar, 

the RMSE from the prediction was much 

lower suggesting that the model could estimate 

the average distribution more accurately than 

the data from 2012.

Table 3	 The correlation coefficient (R2) and the root mean squared error (RMSE) from the FBS levels 
between 42.0-149.0 mg/dL.

Method Correlation Coefficient (R2)
Root Mean Squared Error 

(RMSE)

Predicted mean 0.99 11.00

Year 2012 0.98 64.43

Fig. 4	 The scatter plot and the fit curve of the number of people in each bin of FBS levels between 
42.0-149.0 mg/dL between the 3-year average distribution and A) the predicted distribution and 
B) the distribution of FBS levels in 2012

For the diabetes mellitus (DM)  

screening program, people with the FBS level 

between 100-125 mg/dL could be classified  

in a risk group, which may need a proper  

intervention to prevent the development of 

diabetes mellitus in the future. The results in 

Table 4 showed that the number of people in 

this group increased annually in 2012 to 2014. 
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Fig. 5	 The scatter plot and the fit curve of the number of people from each bin of TG levels between 
14.0-413.0 mg/dL from the 3-year average distribution and A) the predicted distribution and B) 
the distribution of TG levels in 2012

The increase rate could reflect the ineffective-

ness of the health promotion campaign. How-

ever, the prediction suggested that the number 

of people in this group was underestimated  

in 2012, which was realized in the following 

years when the number of people in a risk  

group went up to 278 and 292 respectively 

(19.3% and 25.3% increase). Thus, one must 

be careful when use the data from 2012 as a 

baseline for community health evaluation before 

judging the effectiveness of health promotion.

The model was further developed for 

the triglyceride (TG), high-density lipoprotein 

cholesterol (HDL-C), low-density lipoprotein 

cholesterol (LDL-C) and total cholesterol 

(CHOL) test. For HDL-C, the model was built 

for male and female because of the different 

cutoff in male (<40 mg/dL) and female (<50 

mg/dL). The results shown in Fig. 5-9 and 

Table 5 suggested that the model could be used 

to predict the average results distribution with 

higher accuracy when compared to the results 

distribution in 2012. 

Table 4  The number of people in the risk group from 2012-2014, an average and the prediction

Results 2012 2013 2014
3-year 

Average
Prediction

102.0-125.0 233 278 292 269 248
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Fig. 6 The scatter plot and the fit curve of the number of people from each bin of male HDL-C levels 
between 9.0-130.0 mg/dL from the 3-year average distribution and A) the predicted distribution 
and B) the distribution of male HDL-C levels in 2012

Fig. 7 The scatter plot and the fit curve of the number of people from each bin of female HDL-C levels 
between 20.4-135.4 mg/dL from the 3-year average distribution and A) the predicted distribution 
and B) the distribution of female HDL-C levels in 2012

Fig. 8	The scatter plot and the fit curve of the number of people from each bin of LDL-C levels between 
26.0-288.8 mg/dL from the 3-year average distribution and A) the predicted distribution and B) 
the distribution of LDL-C levels in 2012
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Fig. 9	The scatter plot and the fit curve of the number of people from each bin of CHOL levels between 
74.0-353.0 mg/dL from the 3-year average distribution and A) the predicted distribution and  
B) the distribution CHOL levels in 2012

Discussion
The model built from the Markov 

Chain method using the longitudinal health 

check-up data estimates the average distribution 

of the laboratory tests with more accuracy than 

data from a single check-up as suggested by 

the RMSE. Although the model was built using 

mainly the data from people who live or work 

Table 5	 The results from the evaluation of the predicted average results distribution of TG, HDL-C, 
LDL-C, and CHOL

Test Cutoff Result Range

Correlation Coefficient 
(R2)

Root Mean Squared 
Error (RMSE)

Prediction 2012 Prediction 2012

TG 150 mg/dL 14.0-413.0 mg/dL 0.99 0.99 6.44 18.78

HDL-C
(male)

40 mg/dL 9.0-130.0 mg/dL 0.99 0.98 7.61 10.83

HDL-C 
(female)

50 mg/dL 20.4-135.4 mg/dL 0.99 0.99 12.61 13.60

LDL-C 130 mg/dL 26.0-288.8 mg/dL 0.99 0.99 26.62 35.07

CHOL 200 mg/dL 74.0-353.0 mg/dL 0.99 0.99 18.44 30.15

in Bangkok and its vicinity, the model could 

be used in other parts of the country because 

a great number of people who live and work 

in Bangkok are from all parts of the country.  

In case the data is available, the local health 

promoters are suggested to build the model 

using the local health data because the differ-

ence among communities may be significant.
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Furthermore, the health data used in 

this study were from people age ranged between 

35-55 years old; therefore, the model might  

not be applicable to other age groups. We used 

this group mainly because a majority of the 

customers of the health check-up service was 

an active worker of an organization. More data 

have to be collected for people under 35 and 

over 55 to be able to apply the method to a 

wider group of people. Note that the biological 

variation between each age group in each  

community might be significantly different,  

so the age group has to be adjusted properly  

according to the health data from the commu-

nity to get the most accurate results.

Conclusion
Data from a health check-up are useful 

for monitoring and evaluating the health status 

of the community. However, the results from 

a single health check-up are not reliable due  

to the fluctuation of individual results. The 

Markov chain method was then applied in this 

study to build a model that could predict the 

average distribution of the health check-up 

results, which provides more accurate measure-

ment of the community health. This study also 

highlights the great value and innovative use 

of the longitudinal health check-up data in 

health analytics that will play an important role 

in data-driven health promotion in the future. 

An organization or the government should 

therefore encourage and provide support for an 

individual to participate in a regular health 

check-up and use of health data in the  
community.
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