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Abstract 
Health screening has gained increasing attention for promoting early detection of chronic diseases 

and lifestyle improvements. This study investigates the impacts of risk information obtained from 

a regular liver function test on individuals’ health behaviors. More specifically, we focus on a 

biomarker called aspartate aminotransferase (AST) reported from the test. Using rich longitudinal 

data on health screening and health insurance claims in Japan, we adopt a regression discontinuity 

design (RDD) approach to examine how individuals respond to the notification that their AST level 

was abnormally higher than the normal reference range. Our results suggest that, upon receiving an 

abnormal liver function test result, individuals tend to reduce the likelihood and amount of alcohol 

use. Furthermore, knowing one’s AST value has crossed 40U/I, the higher upper limit used for 

normal reference range, leads to a significant increase in the expenses on follow-up care such as 

abdominal ultrasound tests and a decrease in body mass index (BMI) and triglycerides. Some 

impacts of health signal appear greater among people with high metabolic syndrome risks.  
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1. Introduction 

Chronic diseases are the leading causes of death, accounting for approximately 

70% of annual global death, and are often preventable by improving lifestyles (WHO, 

2009; 2017). In the past decades, health information has gained rising attention as a policy 

instrument for health promotion, under the assumption that individuals will choose a 

healthier lifestyle if they are better informed. For example, a shock in the knowledge 

about one’s health status may lead an individual to update her perceptions on the benefits 

of a health investment and, as a result, increase the optimal amount of such investment.  

One of the important approaches to address the lack of information on health status 

is providing regular health screening. In most developed countries, public health 

screenings are often recommended, or even mandated. For example, free regular health 

checkups are provided to those aged 40-75 in England by the National Health Service 

since 2011 (Dalton and Soljak, 2012). All private health plans and Medicare are required 

to provide free preventive care, including regular health screenings, to adult enrollees by 

the Affordable Care Act in the United States (KFF, 2013). In Japan, employers are 

mandated to provide free annual health checkups to their employees under the Safety and 

Health Act of 1972. Furthermore, the government passed a law in 2007 that requires every 

insurer provide free annual health checkups to those aged 40-74 and implement 

counselling for those with elevated risks of metabolic syndromes (Tsushita et al., 2018). 

However, some recent studies have reported little or limited response in health 

behaviors after individuals received risk information (Almond et al., 2016; Cook, 2019; 

Dai et al., 2022; Iizuka et al., 2021; Kim et al., 2022; Kim et al., 2019; Rodríguez-Lesmes, 

2021). These studies have generally addressed the endogeneity issue of risk information 

by applying a regression discontinuity design (RDD), so their findings call for more 
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careful analysis to understand the impacts of health information comprehensively. 

Possible reasons for the lack of response are threefold. Firstly, individuals may be already 

well informed and making the optimal choices regarding health behaviors at the stage of 

diagnosis (Oster, 2018). Secondly, some health behaviors are more likely to be modified 

than the others, determined based on their cost-effectiveness. Missing important 

outcomes may lead to a conclusion of the lack of response. Thirdly, a number of previous 

studies assumed that the same threshold is applied to create risk information. It will lead 

to a downward bias in the estimates from a sharp RDD if medical institutions actually use 

different normal reference ranges. 

To address these issues, using rich longitudinal data from Japan and applying a 

RDD, this study examines the impacts of a regular liver function test on individuals’ 

health behaviors. To the best of our knowledge, there is almost no previous research on 

health behavior effects of health signals of liver diseases so far. Liver diseases, accounting 

for 2 million deaths worldwide, are well-known for being “silent” and often deteriorate 

without noticeable symptoms for years (Asrani et al., 2019). Moreover, lethal liver 

diseases, such as liver cancer and cirrhosis, are increasing caused by chronic liver 

conditions affected by health behaviors, making liver diseases more relevant to preventive 

care.  

We believe this study could contribute to the literature in at least three ways. Firstly, 

the study focuses on a biomarker called aspartate aminotransferase (AST) that has gained 

little attention in the literature. AST is an enzyme found mainly in the liver, but also in 

the heart and other tissues. A high level of AST in blood indicates possible damages in 

liver or heart. Previous studies mainly studied biomarkers such as blood sugar, blood 

pressure, triglyceride, cholesterol and BMI (see Section 2 for a complete review). AST 
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test provides information that could be used to directly monitor the health of liver, one of 

the largest and most important organs in human body. Individuals may take the risk of 

liver diseases more seriously, hence respond differently as they would to the risks of 

metabolic syndromes. Moreover, because liver diseases usually progress without 

noticeable symptoms, regular AST test result may be an important source of information 

for individuals to adjust their health behaviors before a late-stage diagnosis.  

Secondly, we have examined a wide range of outcomes, including alcohol drinking 

which is considered as critically important for the prevention of liver diseases. The liver 

basically removes toxins of alcohol and filter waste products from a person’s blood. 

Alcohol consumption generally increases the burden of the liver and has been widely 

known for its detrimental impacts on liver health (Becker, 2005). Being able to focus on 

this key outcome turns out quite important, as our results show that other health behaviors 

are hardly modified, suggesting the reluctancy to adjust lifestyles in general.2   

Thirdly, since the risk of liver diseases tends to be higher among those with 

unhealthy lifestyles, we follow the literature and apply a RDD to address this endogeneity 

issue. More specifically, we use AST as the running variable and exploit the discontinuity 

at the cutoff that clinically determines the abnormal range. Without making a strong 

assumption on uniform criteria across medical institutes, we explicitly consider two 

commonly used cutoffs: 41U/I and 31U/I. Furthermore, a recent movement among 

medical institutes that increasingly adopt a tighter criterion serves as a double-edged 

sword: it complicates our analysis while providing an opportunity to investigate the 

 
2 Although not reported in the paper, we have also examined a wide range of health behaviors 

including smoking, regular exercising, daily walking, sleeping and breakfast skipping, for which we 

find little effects of risk information of liver diseases. Results are available upon request. 
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interacting effects of such changing background.3 

Based on rich health checkup and health insurance claims data from 1.9 million 

Japanese employees during 2008-2018, we find that risk information of liver diseases 

may reduce the frequency and amount of drinking. Our results also suggest that, knowing 

one’s AST value exceeding 40U/I, the higher upper limit used for normal reference range, 

leads to an increase in the expenses on follow-up care such as abdominal ultrasound test 

significantly and a decrease in body mass index (BMI) and triglyceride in the long run. 

Heterogenous effects are observed by gender and the impacts on drinking and triglyceride 

reduction appear greater among people with high metabolic syndrome risks. We generally 

find less effects at the lower cutoff, 31U/I, and for the more recent years when lower 

cutoff became more prevalent, indicating that a stricter judgement criterion may not 

necessarily serve its purpose. 

The remainder of the paper is organized as follows. Section 2 briefly reviews the 

previous literature. Important background information on health checkup programs in 

Japan and liver diseases is provided in Section 3, followed by a description of the data 

and sample generation process in Section 4. The empirical estimation strategy is 

explained in Section 5 and results are discussed in Section 6. Lastly, Section 7 concludes.  

  

 
3 During the past several decades, 40U/I has often been used as the upper limit of the normal 

reference range for AST (Wroblewski, 1959). Yet, as more recent clinical studies found that AST 

of healthy population is getting lower because of the improved public health, the upper limit should 

be redefined at a lower level. Therefore, the cutoff has been increasingly reduced from 40U/I to 

30U/I in recent years. 
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2. Literature review 

Traditionally, economists have studied intensively the effects of public health 

information such as food nutrition labels and advertisements (Folland et al., 2017). As 

rapid progress of digit information makes general health information more accessible, 

especially in developed countries, needs increase for more personal information on health 

status which may play an important role in decision making regarding health investments, 

-i.e., updating depreciation rate of health in one’s health production function (Grossman, 

1972). This trend motivates a growing number of studies focus on information on health 

status, such as disease diagnosis or warning signals received from health screenings, over 

the past decade. 

Our study is closely related to the strand of literature that apply a RDD to analyze 

the impacts on health behaviors of providing risk information created based on one’s 

health screening results relative to a clinical threshold. For example, past studies have 

examined the effects of risk information of hypertension (Chen et al., 2019; Dai et al., 

2022; Rodríguez-Lesmes, 2021; Zhao et al., 2013), diabetes (Gaggero, 2020; Gaggero et 

al., 2022; Iizuka et al., 2021; Kim et al., 2019), hyperlipidemia (Kim, et al., 2019), and 

obesity (Almond et al., 2016; Cook, 2019; Kim et al., 2022; Kim et al., 2019). 

In general, the literature report mixed findings on the health behavior effects of 

health information. Some studies found positive effects of information provision (Chen 

et al., 2019; Gaggero, 2020; Gaggero et al., 2022; Zhao et al., 2013), while others found 

little or no effect (Almond et al., 2016; Rodríguez-Lesmes, 2021), or limited effects for 

those with higher health risks (Cook, 2019; Dai et al., 2022; Iizuka et al., 2021; Kim et 

al., 2022; Kim et al., 2019). 

Regarding the effects of health information obtained from annual health checkups in 



7 

 

Japan, several studies based on a RDD have been published in recent years (Fukuma et 

al., 2020; Iizuka et al., 2021; Narisada et al., 2022). In 2008, Japan introduced a 

nationwide health screening program called the specific health checkup (SHC), and 

started to provide specific health guidance (SHG) to people who are identified to have 

elevated risks of metabolic syndromes in the SHC (see Subsection 3.1 for more details). 

Fukuma et al. (2020) explored the effects of being eligible for SHG using waist 

circumference as the running variable and found small effects on body weight and waist 

circumference reduction, but not for cardiovascular risk factors. Narisada et al. (2022) 

also applied a RDD, using age as the running variable, and showed that being eligible for 

SHG at age 40 led to lower incidence of diabetes and a reduction in BMI and waist 

circumference.  

Probably the most relevant previous study is Iizuka et al. (2021) which used the same 

data, but for a different time period (2005-2014), to analyze the impact of being notified 

of abnormal fasting blood sugar level after a regular health checkup in Japan. Although 

they found some significant positive effects for the high-risk population, their results 

generally suggest that the health signal of prediabetes condition has little effect on health 

behaviors such as exercising, drinking and smoking, yet tends to increase the use of 

follow-up medical care mainly for a glucose tolerance test used for the diagnosis of 

diabetes.  

There are two possible reasons why Iizuka and his colleagues found little effects of 

health risk information. Firstly, food consumption is probably one of the most important 

factors of diabetes, yet this outcome is missing in their analysis due to the lack of detailed 

data. In fact, Oster (2018) reported a significant reduction in the purchase of unhealthy 

foods after the diagnosis of diabetes in the United States. Examining detailed data on 
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nutrient intake, Zhao et al. (2013) also reported a reduction in fat intake after individuals 

were notified of the risks of hypertension in China. The second possible reason is that the 

threshold used to determine prediabetes condition actually varies by medical institutes in 

Japan, thus the estimates are likely to be under-estimated so that marginal effects may be 

overlooked. This study complements the previous research by focusing on the effects of 

a liver function test which is medically important but has gained little attention so far. 

Furthermore, we examined a wide range of health behaviors including alcohol use, by far 

the most important factor of liver diseases, while explicitly considering the heterogenous 

cutoff issue.     

  

3. Background 

3.1 Health checkup programs in Japan 

    Japan has two major programs of health screenings: general health checkup (GHC) 

and specific health checkup (SHC). Employers are mandated to provide annual GHC to 

their employees under the Industrial Safety and Health Act of 1972 with penalties for 

noncompliance. Employees are obliged to take GHC, although there are no legal penalties 

for noncompliance. Many organizations including private companies oblige their 

employees to take GHC every year under their labor regulations. Hence, approximately 

80% of employees take the GHC in Japan and the ratio reaches as high as 87.8% for larger 

organizations (Ministry of Health, Labor and Welfare, 2012, 2013b).   

In April of 2008, the government of Japan initiated a National Health Screening and 

Intervention Program (NHSIP), which consists of two components: (a) specific health 

checkup (SHC) and (b) specific health guidance (SHG). This program covers the general 

public aged 40-74 and intends to identify people with obesity and cardiovascular disease 



9 

 

risks (known as metabolic syndrome) through an annual SHC. Those who are identified 

as having high risks, based on the criteria set by the guidelines of the Ministry of Health, 

Labor and Welfare (MHLW), are provided with SHG to improve their lifestyles (MHLW, 

2013a).4 Besides the typical health checkup, SHC participants usually need to complete 

a questionnaire on their health-related lifestyles and existing health conditions. See the 

sample of a standard questionnaire in the Appendix (MHLW, 2013a). The SHC and SHG 

programs have been implemented through three terms: (a) fiscal years of 2008-2012; (b) 

fiscal years of 2013-2017; and (c) fiscal years of 2018-2023.5  

 

3.2 Liver diseases and liver function test 

Liver diseases have long been a serious threat to global public health. In general, 

major chronic liver diseases include hepatitis, alcoholic hepatitis, nonalcoholic 

steatohepatitis (NASH) in early stages, and cirrhosis and liver cancer in late stages. The 

major risk factors of liver diseases include hepatitis virus (type B and type C), alcohol 

consumption and liver fat. According to the International Agency of Research on Cancer 

(IARC) at the World Health Organization (WHO), in 2020, a total of 905,700 people were 

diagnosed of liver cancer, among whom 830,200 (91.7%) died, making liver cancer one 

of the top 3 causes of cancer death in 46 countries (Rumgay et al., 2022). Meanwhile, 

cirrhosis was the 11th leading cause of global death, accounting for 1.32 million total 

deaths worldwide in 2017 (Cheemerla and Balakrishnan, 2021). 

Thanks to the improvement of prevention and treatment of viral hepatitis in the past 

 
4 Although the GHC and SHC are established by different laws, those who take the GHC are treated as 

taking the SHC under the rule set by the MHLW. Therefore, employees are generally more likely to take 
the SHC than non-employees such as the self-employed or non-working individuals. 
5 Government policies in Japan are usually implemented based on the cycle of a fiscal year, starting from 

April 1st and ending on March 31th of the following year. 
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several decades, the age-adjusted death rate of chronic liver diseases has gradually 

declined from 20 to 16.5 per 100,000 people during the period 1990-2017 (Cheemerla 

and Balakrishnan, 2021). On the other hand, lifestyle risk factors are becoming more 

responsible for chronic liver diseases (Yuan, et al., 2022). For example, alcohol 

consumption is the major cause of alcoholic hepatitis, it also deteriorates type B and type 

C hepatitis, accelerating the fibrosis progression to cirrhosis. Overall, alcohol use is found 

to account for 50% of mortality related to cirrhosis (Asrani, et al., 2019). Recently, 

nonalcoholic liver fat disease (NALFD), a liver condition when excessive fat is built-up 

in livers of people who drink little or no alcohol, is becoming the most prevalent chronic 

liver diseases. NAFLD is highly related to obesity, as well as other metabolic risk factors 

such as diabetes and hyperlipemia (Yuan, et al., 2022). Worldwide prevalence of NAFLD 

is estimated to be around 24% and is expected to continue grow in the next decade. 

NAFLD could further develop into nonalcoholic steatohepatitis (NASH), or even 

cirrhosis and liver cancer. (Asrani, et al., 2019; Cheemerla and Balakrishnan, 2021) 

Both GHCs and SHCs in Japan include several routine liver function tests, one of 

which is the aspartate aminotransferase (AST) test, a common blood test to find out the 

concentration of AST in blood. When AST level is higher than the normal range, there is 

a concern of liver damages and health checkup providers usually send a warning sign of 

the risk (e.g., a colored mark or a low-grade out of the range A~E), together with the test 

results to the examinee. In a serious case, a secondary test is recommended. Follow-up 

medical care includes an abdominal ultrasound scan, one of the most common tests to 

examine the conditions of liver and blood vessels in real time. More detailed lab tests (i.e., 

HBs and HCV tests) are also recommended when viral infection is suspected. In general, 

according to the suggestions of the Japan Society of Hepatology, prevention of liver 
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diseases includes: (a) avoiding alcohol drinking which often imposes extra burden on the 

liver; (b) eating a healthy diet; (c) exercising regularly if possible; (d) avoiding smoking 

if possible. (JSH, 2020) 

 

3.3 Notification of health checkup results 

Implementation of health checkups, both GHC and SHC, is usually entrusted to 

medical institutes. In addition to reporting to health insurers, results are also sent to 

individuals after finishing the health checkup. For each biomarker measured in the health 

checkup, the MHLW proposes a guideline regarding the normal reference range and 

recommended health guidance (MHLW, 2013a). Particularly, regarding the AST test, the 

MHLW recommends to provide guidance to those with AST≧31U/I and recommend a 

secondary test to those with AST≧51U/I. However, medical institutes are not obliged to 

comply with these guidelines. For example, the National Federation of Industrial Health 

Organizations (called “Zeneiren” in Japanese) conducted an annual survey on normal 

reference ranges for AST used in more than 300 medical institutes randomly selected 

nationwide. According to the survey, medical institutes often determine their own criteria 

mainly based on their discretions on the guidelines of Japan Society of Comprehensive 

Medical Checkup, academic literature and manuals of reagents used in lab tests.6 

 More specifically, Figure 2 shows the distribution of the upper limit of normal 

reference range used in practice by medical institutes in 2014, 2018 and 2021. Despite 

the recommendation of MHLW, in 2014, only 31% of medical institutes set the upper 

limit of normal reference range for AST as 30U/I, with 40U/I being more prevalent 

 
6 The normal reference range for AST set by the Japan Society of Comprehensive Medical 

Checkup is the same as that of MHLW. 
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because it has long been used as the standard criterion (Wroblewski, 1959). However, the 

trend changed rapidly in the following years: the share of medical institutes using 30U/I 

increased to 0.43 in 2018 and 0.55 in 2021; while that of those used 40U/I decreased from 

0.36 in 2014 to 0.23 in 2021, suggesting an increasingly tighter screening standard among 

medical institutes. In fact, according to the survey, approximately 8~17% of medical 

institutes reported that they had changed the standard from the previous year every year 

during 2014-2019.7  

Individuals’ AST test results are usually reported together with an indicator showing 

whether they are within normal range or abnormally too high or too low, the risk 

information of interest. In more serious cases, doctors’ opinions may be provided in the 

end of the report, suggesting lifestyle changes, a secondary test or immediate treatments. 

There may be some variation in doctors’ judgements, but it is probably relatively small 

for AST levels slightly higher than the cutoff which are our focus in this study.   

 

4. Data description 

4.1 Data  

    We use data from the Claims Database of the Japan Medical Data Center (JMDC), 

Japan's largest epidemiological receipt database available for academic and industrial use 

(Nagai et al., 2021). Rich data on medical expense receipts (inpatient, outpatient, and 

prescription) and health checkups are collected from multiple employer health insurance 

societies since 2005.8 All these data can be linked by a patient ID at the individual level.  

 
7 The Zeneiren survey is not a part of the data used in our analysis, so the normal reference ranges 

reported in the survey may not be exactly the same as the ones used in the health checkups in our 

data.   
8 Note that the self-employed and retirees are not included in the data because they usually join a 
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The JMDC data are particularly important for our study in three manners. Frist, the 

data provide detailed information on all participants’ annual health check, including the 

specific timing and a survey on lifestyle and existing health conditions (see the Appendix). 

Second, the rich health insurance claims data enables us to examine the prevalence and 

occurrence of diseases in the general population, including healthy people, and to track 

patients at multiple healthcare providers over time. Third, such large and longitudinal data 

are sufficient to implement a RDD and allow us to examine long-term trends in health 

status.   

 

4.2 Sample 

Considering the political changes related to health checkup in Japan discussed in 

Subsection 3.1, we focus on the JMDC date from the fiscal year of 2008 to the fiscal year 

of 2017. We define two study periods for the analysis: fiscal years of 2008-2012 and fiscal 

years of 2013-2017 because of two reasons: (a) we generally find quite different trends 

in the results for these two periods (to be discussed in Section 6), so that we think it is 

important to differentiate them; (b) the timing is aligned with the two periods of the 

implementation of SHC and SHG discussed in Subsection 3.1.  

We first drop the data before April of 2008, integrate the data for those who have 

multiple health checkup records in a single month, and then exclude all the dependents 

and observations under 30 or over 64 years old, which leads to a sample of 9,174,246 

observations, or 2,167,804 individuals. In our analysis, we mainly focus on those who 

were not diagnosed of major liver diseases in the past 12 months, approximately 7.5% of 

the total sample. Furthermore, samples used for the analysis of the short-run and the long-

 

community-based health insurance society in Japan. 
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run impacts are differently defined (see more details in Figure 1).  

Table 1 describes the size of three samples before excluding observations with past 

diagnosis of major liver diseases and their attrition rates from 2008 to 2018. JMDC 

database was able to increase the sample size over time by including more health 

insurance societies. We are not aware of any systematic reasons why the sample increases 

besides the rising recognition of JMDC. But there is a possibility that more large health 

insurance societies, with higher ratio of female and older employees, joined over years, 

as the share of females increased, from 9% in 2008 to 23.3% in 2018, and mean age 

increased from 44.7 to 47.1 during this period. We therefore explicitly control these 

characteristics in our analysis. Moreover, it is implausible for the increase in the sample 

size to be correlated with the treatment cutoff in AST, causing a bias in the RDD estimates.  

The attrition rate over time is relatively small, as Japanese employees are usually 

required to join the health insurance societies determined by their employers or 

occupations. Note that the attrition rates are large for the sample used for the long-run 

impact analysis in 2016 and 2017, because there are not enough years to observe the 

outcomes in the following 24-48 months after an initial checkup. We actually extract the 

data until August of 2019, the latest data available, to get as many observations as possible, 

so that the attrition rate in 2017 is less than 1.  

 

4.3 Descriptive statistics 

    Table 2 presents the summary statistics for the variables used in the analysis. In total, 

we have more than 6.87 million observations in the sample during the fiscal years of 

2008-2017, including those with the diagnosis of major liver diseases in the past 12 

months. Approximately 81% of the entire sample are men, with a mean age of 47. 
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Approximately 7.3% were diagnosed of major liver diseases within the 12 months before 

the health checkup. Health behaviors and health outcomes in the baseline years are shown 

in the middle and bottom panels. On average, 40% of the full sample reported taking 

dinner within 2 hours before bed for more than 3 times a week. We also find that nearly 

30% of individuals drink every day in the sample, and 57% drink more than 180ml 

Japanese sake on a drinking day.9  A small but significant proportion, 5.7%, reported 

drinking more than 540ml on a drinking day. Six health outcomes are displayed, including 

the AST which is the running variable in the RDD analysis. Comparing the 2008-2012 

sample against the 2013-2017 sample, except for the sample size, no apparent differences 

in individual characteristics are observed between these two periods. 

    Furthermore, we examine the distribution of AST value between the two study 

periods in Figure 3, grey for the first period and white for the second. We use the bin size 

of one for the histograms as AST is available only in integer. Figure 3 shows that the 

distributions almost overlap, indicating that there is no systematic difference in the 

running variable in the two periods. Moreover, a smooth distribution of AST value, at 

either the cutoff of 31U/L or 41U/L, suggests that the non-random heaping problem is 

probably not a concern in our analysis.   

 

5 Empirical framework 

We rely on a standard sharp regression discontinuity design (RDD) to estimate the 

effect of providing risk information on AST to GHC/SHC participants. We mainly 

 
9 The questionnaire uses one cup of Japanese sake (180ml) as a standard drink to measure the 

amount of alcohol use. According to the provided instruction, the pure alcohol contained is 

equivalent to one bottle of regular beer (500ml), two cups of table wine (240ml) or a cup of whisky 

(60ml).  
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examine three sets of outcomes: (a) health behaviors including eating behavior (i.e., 

eating speed and whether eating dinner late frequently) and drinking behavior (i.e., 

frequency and amount of drinking); (b) healthcare usage measured by the expenses on 

following biological tests, medical imaging tests and medication; (c) health outcomes 

measured by major biomarkers, namely AST, BMI, systolic blood pressure, fasting blood 

sugar, LDL-cholesterol and triglyceride.10 In this setting, AST in year t is considered as 

the running variable. Based on discussion in the Subsection 3.3, as most medical institutes 

use either 30U/I or 40U/I as the upper limit of normal reference range for AST (Figure 2), 

we set the cutoff as 31U/I and 41U/I for our RDD analyses. Let c denote the cutoff, we 

estimate the following local polynomial regression: 

𝑌 = 𝛼 + 𝛼 𝐷 + 𝛼 (𝐴𝑆𝑇 − c)+𝛼 (𝐴𝑆𝑇 −c) + 𝜷𝑿 +  𝜀 , (1)   

where 𝑌  represents the outcome variables for individual i in year t+1, 𝐷  a dummy 

variable that equals one if 𝐴𝑆𝑇  greater than or equal to c, and 𝜀  the idiosyncratic error 

term. A vector of covariates X is included to control for basic individual characters, such 

as age, age squared, sex, and year-specific effects. We clustered standard errors by 

individuals for the analyses since the same individuals were observed repeatedly in 

different years. Following the literature, a triangular kernel is used to weight the sample. 

We have experimented with various bandwidth and 5U/I is preferred. An even larger 

bandwidth may lead to biased results which could pick up the effect of the neighboring 

 
10 Technically, a fuzzy RDD will be more appropriate, because the normal reference range varies 

by health checkup providers. However, unfortunately, since we do not have data on the exact cutoff 

used for each individual’s AST test, we choose a sharp RDD as the second-best choice, focusing 

on two most commonly used cutoffs: 31U/I and 41U/I. We believe the analysis is still meaningful 

to provide important evidence, yet the sharp RDD is likely to under-estimate, providing only the 

estimates of the lower limits of the true effects.   
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cutoff, 10U/I away, while a smaller bandwidth results in the loss of estimation precision.   

    Empirically, we examine the outcomes in the short run defined as those observed 

during the following 24 months after the initial health checkup, and in the long run within 

the following 24-48 months. Note that we examine health care usage only for the 

following 12 months to focus on the follow-up medical care. 

 

6 Results 

6.1 Preliminary checks 

    Before estimating the impact of risk information in a RDD, it is useful to first check 

the relationship between AST and the key outcomes of interest by simple charts. Figures 

4-6 plot the averages of health behaviors, healthcare usage and health outcomes in the 

short run, while Figure 7 shows the averages of some key long-term outcomes. Both of 

the two most commonly used cutoff, 31U/I and 41U/I, are marked by red straight lines. 

As explained in Sections 3 and 4, we separate the study period into two: fiscal years of 

2008-2012 (or 2008.4-2013.3) and fiscal years of 2013-2017 (or 2013.4-2018.3). Straight 

lines are the best-fitting lines, without controlling for covariates, left and right to the 

cutoffs.     

    As shown in Figure 4, regarding eating behavior, a relatively obvious increase is 

observed at the cutoff of 41U/I for the average self-rated eating speed score (implying a 

decrease in speed) and a drop in the share of people eating dinner late (a drop), only in 

the first period. When it comes to drinking frequency, a drop is visible at both 31U/I and 

41U/I for the share of people who reported drinking every day, and there appears an 

increase in the share of those who do not drink at 41U/I. Again, these changes are only 

observed in the first period. The last two health behavior outcomes measure whether 
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individuals drink more than 180ml or 540ml Japanese sake on a drinking day. The charts 

show that there is a similar drop in both outcomes at the cutoff of 41U/I in the first period.  

    Figure 5 presents the distributions of the averages of the medical expenses on four 

types of healthcare usage: biological tests, abdominal ultrasound, computerized 

tomography (CT) and/or magnetic resonance imaging (MRI) scan, and drug prescription 

for all kinds of diseases.11  A small increase in the expenses on biological tests and 

abdominal ultrasound scans is observed at the cutoff of 41U/I in the first period. The use 

of expensive CT/MRI scans is relatively rare, reflected by the large fluctuation by AST 

level, suggesting that the decrease at 31U/I and the increase at 41U/I may be picking up 

a random variation. Lastly, no obvious changes are observed at the cutoffs for drug 

prescription expenses in both time periods. 

    Furthermore, we look at the health outcomes measured and the probability of being 

diagnosed of major liver diseases during a doctor visit in the short-run. As shown in 

Figure 6, except for LDL-cholesterol, most biomarkers generally increase at AST around 

the cutoffs of 31U/I and 41U/I stably and smoothly, with no obvious discontinuity, in both 

periods. Plots for the LDL-cholesterol are noisier, with larger standard deviations, and 

there seems a small drop at 41U/I in both study periods. Lastly, there appears an increase 

at the cutoffs of 31U/I and 41U/I, during the first study period, in the share of people who 

were diagnosed of major liver diseases within 12 months after the AST test.       

    Lastly, in comparison to the short-run outcomes, the plots for the key long-run 

outcomes are presented in Figure 7. The pattern of the share of everyday drinking is very 

 
11 Because there is a wide range of liver disease drugs and some liver diseases may be treated 

together with other complications, it is practically difficulty to single out drugs specific to liver 

disease. Expenses on CT/MRI of the examinations of head, limbs, blood vessels, breast and colon 

are excluded.  
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similar in both the short-run and the long-run: a drop is generally observed at both cutoffs 

in the first period but not the second period. Interestingly, for the share of no drinking, as 

well as those of drinking more than 180ml Japanese sake and those drinking more than 

540ml on a drinking day, besides a similar pattern for the first period, the gaps at the 

cutoff of 41U/I become more visible in the long-run. When it comes to the long-run health 

outcomes, a small drop is observed at the cutoff of 41U/I for BMI, systolic blood pressure, 

fasting blood sugar and triglyceride in the first period. The only biomarker that also 

exhibits a drop at 41U/I in the second period is triglyceride.  

    The patterns in Figures 4-7 are suggestive of some possible impacts of risk 

information of liver diseases, yet they may be simply picking up a random variation. More 

careful analysis relies on the local polynomial estimation discussed in the following 

subsections.        

 

6.2 Effects on health behaviors 

This subsection discusses the results of the local polynomial regressions for the 

health behaviors of interest. Table 3 shows the estimates for the short-run (left-panel) and 

the long-run (right-panel) impacts at two cutoffs, 41U/I and 31U/I, in the top and bottom 

panels, respectively. Since the estimates are clearly different, we choose to conduct the 

analysis separately for the two study periods. All regressions include standardized AST 

and its squared term, sex, age, age-squared, and examination year dummies. The results 

do not change much without covariates. We have experimented with local linear 

regression and do not find much difference, either. Robust standard errors, clustered at 

individual level, are reported in parentheses. Results reported in Tables 3-4 are based on 

the estimation using our preferred bandwidth of 5U/I, and sensitivity analysis regarding 
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bandwidth choice will be discussed in Subsection 6.5.  

In general, the coefficients reported in Table 3 are aligned with the patterns observed 

in Figures 3 and 7. For example, both the short- and the long-run self-rated eating speed 

scores increase at 41U/I in the first period in both short and long run. But they are not 

statistically significant after taking into account the robust standard errors. On the other 

hand, the coefficients are generally close to zero and, thus, statistically insignificant in 

the second period, despite a much larger sample and a lower standard error. Surprisingly, 

a negative long-run impact (i.e., a faster speed), statistically significant at the 5% level, is 

observed at the cutoff of 31U/I in the first period. Clinical studies have generally shown 

that eating fast may increase the risks of obesity and diseases such as NALFD, diabetes 

and cardiovascular diseases (Kolay, et al., 2021).12 There are two possible explanations: 

(a) a low cutoff may reduce the risk perception and lead to an unexpected lifestyle change; 

(b) the estimate may be picking up a random variation. The bandwidth sensitivity analysis 

in Figure 9 actually suggests that the result is sensitive to a small bandwidth, such as 3U/I 

and 4U/I.     

    Eating late dinner is usually recommended to be avoided for maintaining a healthy 

weight. The results show that the probability of reporting frequent late dinners is about 

2.6% lower at the cutoff of 41U/I within 24 months after the health checkup, statistically 

significant at the 10% level. The coefficient becomes very small, close to zero, in the 

second period though. Neither do we find any significant long-run impacts, which is 

consistent with the preliminary checks in Figure 7. 

 
12 Clinical studies have shown that eating slowly may suppress appetite, reduce energy intake and 

improve digestion, because of hormone-independent factors as well as the influences on 

gastrointestinal hormones that significantly affect hunger and satiety. See Kolay et al. (2021) for a 

complete review. 
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    Lastly, when it comes to drinking behaviors, which is most likely to be recommended 

to prevent liver damages, several interesting findings are suggestive. Firstly, consistent to 

Figures 4 and 7, we find that, at the cutoff of 41U/I, the probability of drinking 180ml 

Japanese sake in the short run is reduced by 2.6%, significant at the 10% level, in the first 

period. The coefficient drops to -0.017 for the long-run impact, and turns insignificant. In 

general, the effect disappears in the second period. Secondly, although the estimates are 

generally small and insignificant in the short run, the long-run impact on the probability 

of drinking more than 540ml Japanese sake decreases by 1.6% in the first period, and 

0.9% even in the second period, both significant at the 10% level. This is consistent to 

the pattern observed in the plots. Thirdly, even though the share of those drinking 

everyday appears to drop at both cutoffs in Figures 4 and 7, only the estimates at 31U/I 

are statistically significant, suggesting that different cutoffs may have different effects on 

drinking behaviors.  

The results above suggest that risk information created by different cutoffs may 

impact drinking behavior differently, and takes the effect differently in the short and long 

runs. For example, a lower cutoff provides an early warning leading to a first-step lifestyle 

change, -i.e., a reduction in the frequency of drinking. At a higher cutoff, individuals are 

more likely to take a step further to reduce the amount of drinking little by little, and in 

the long run, the probability of heavy drinking may also be reduced. Note that the true 

effects are likely to be under-estimated, as the sharp RDD in our analysis assumes that 

the same cutoff is applied to everyone, as discussed in Section 5.      
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6.3 Effects on healthcare usage 

    Risk information may also increase the usage of healthcare, either for confirmation 

tests or afterward treatments. Early detection and treatment are supposed to be one of the 

major purposes of annual health screening, and are expected to contribute to the reduction 

of long-term total health expenditure.  

    Table 4 summaries the estimates for four outcomes measuring the usage of 

healthcare services within 12 months after the initial AST test. In general, we observe a 

significant increase of 146 yen, at the cutoff of 41U/I, only in the expenses on abdominal 

ultrasound test, one of the most common follow-up tests for liver diseases, in the first 

time period. The average expenses in our sample were 651yen (approximately $4.93), but 

it was 7,530yen (approximately $57) among people who have taken the test.  

    There are two possible explanations why we find little effect on the other healthcare 

usage outcomes. Firstly, an abnormal AST result slightly higher than the normal reference 

range may not be perceived seriously enough to trigger the use of medication or expensive 

high-tech diagnostic tests such as CT/MRI. Secondly, since we are not able to differentiate 

the usage of tests and medication for liver diseases from other purposes, we may have 

missed the impact on some drugs or tests specific to liver diseases. In that sense, among 

the four outcomes examined, abdominal ultrasound is most specific and, therefore, more 

likely to capture the impact of health information. 

 

6.4 Effects on health outcomes 

Improvement in health outcomes is the ultimate goal of information provision and 

lifestyle changes. The estimates for six biomarkers that measure health status are reported 

in Table 5. In general, all the estimates in the first period and most in the second period 
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are negative at the cutoff of 41U/I, consistent to a change towards a healthier health 

condition, yet many are statistically insignificant. The estimates for only three biomarkers 

are statistically significant in a certain period: (a) the long-run AST in the first period, (b) 

both the short- and long-run BMI in the first period and (c) the long-run triglyceride in 

the second period.  

Particularly, the last finding on the long-run impact on triglyceride stands out 

because we rarely find any impact in the second period. Moreover, both the magnitude 

(6.52) and statistical significance (at the 1% level) of the estimate is quite large. 

Bandwidth sensitivity analysis also indicates that the result is robust to the choice of 

bandwidth. Given the sample mean of 119.6mg/dL, the estimate indicates a 5.4% 

reduction of triglyceride 2-4 years after being informed of the risk of liver diseases at a 

higher cutoff, 41U/I.  

Lastly, we find that the probability of formal diagnosis of major liver diseases 

increases slightly in the following 12 months, approximately by 0.5% at the cutoff of 

41U/I. In contrast, we generally do not find much significant impact at the cutoff of 31U/I, 

in both periods, except for a surprising increase in the short run BMI. More discussion on 

the robustness of this result will be given in the following subsection.  

 

6.5 Robustness checks 

    The accuracy of the RDD estimates relies critically on two assumptions: (a) the 

assignment variable is not manipulated at the cutoff so that some individuals are more 

likely to be assigned to the treatment group; (b) the samples, within the range set by 

chosen bandwidth, on both sides of the cutoff are comparable in absence of the treatment. 
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Standard checks on these assumptions as well as the robustness of local polynomial 

estimation results are reported in this subsection in detail. 

    Figure 8 displays the histogram of AST, together with the McCrary density 

estimation for the cutoffs of 31U/I (in the top) and 41U/I (in the bottom), respectively. 

There appears no visible discontinuity in the distribution and estimated density at the 

cutoffs, suggesting that the running variable is unlikely to be manipulated. In fact, as a 

blood test is usually operated in labs, it is probably very difficult to manipulate AST in 

reality. We have also conducted the t-tests recommended by McCrary (2008) to double 

check the continuity in AST at placebo cutoffs for various bandwidth choices (Table 6). 

Although the discontinuity at some cutoffs is statistically significant, following Chetty et 

al. (2009) and Kim et al. (2019), we have created the cumulative distribution function of 

the absolute value of t-statistics from the McCrary tests and confirmed that the t-statistics 

at the treatment cutoffs are not disproportionally greater than those at placebo cutoffs. For 

example, as shown in Figure 9, the distribution does not exhibit certain noticeable patterns 

around the straight lines, which indicate the t-statistics at the cutoffs that are no larger 

than the 50th percentile.13   

    Next, we examine the validity of the second assumption by estimating Eq. (1) for all 

the covariates and baseline outcomes.14 If there is no discontinuity, the estimate for 𝛼  

should be statistically insignificant. The check has been done for both cutoffs in both time periods. 

Results are reported in Table 7. In general, most of the estimates are statically insignificant, 

implying that the samples are comparable on both sides of the cutoffs. Two out of thirteen baseline 

 
13 Figure 9 only reports the distribution of t-statistics for the cases using the bandwidth of 5U/I. 

However, although not reported, the patterns observed when different bandwidths are used are 

similar. Results are available upon request. 
14 Of course, all the covariates are excluded from the explanatory variables in Eq.(1). 
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characteristics, self-rated eating speed score and BMI are statistically significant in certain time 

periods (see p-values in bold). This may be due to randomness, but one also needs to be cautious 

when interpreting the estimation results for these outcomes. For example, as discussed in 

Subsection 6.4, we find that BMI in the first period tends to decline at the cutoff of 41U/I. 

Considering that the sample on the right had a higher BMI in the baseline year, the true effect 

may be even larger. On the other hand, a positive impact on BMI at the cutoff of 31U/I in the 

second period may be just reflecting the difference already existed in the baseline year. 

    The estimates reported in Tables 3-5 are based on the estimation using our preferable 

bandwidth of 5U/I. Since AST is a discrete variable, we avoid the standard procedure of choosing 

optimal bandwidth for continuous variables. Instead, we have experimented a set of bandwidths. 

As expected, in Figure 10, a small bandwidth, such as 3U/I, generally leads to a larger standard 

error and a wider confidence interval, while a larger bandwidth increases the bias driven by data 

far away. Note that the 95% confidence intervals are shown in the figure, so the estimate that are 

significant at the 10% level may still lie inside of the confidence interval. Focusing on the 

estimates that are statistically significant at bandwidth of 5U/I reported in Tables 3-5, we find that 

the following estimates are relatively robust to the bandwidth choice: whether drink every day in 

the first period, long-run triglyceride in the second period and medical expenses on abdominal 

ultrasound in the first period. As for the marginally significant estimates for the eating behaviors, 

drinking amount, BMI and the probability of diagnosis of liver diseases, the results are sensitive 

to a small bandwidth. 

    Lastly, we also examine the sensitivity to the cutoffs for the key outcomes and the estimates 

at placebo cutoffs are presented in Figure 11. In general, the estimates are not statistically 

significant at placebo cutoffs. However, we do find a significant estimate at a few placebo cutoffs, 

such as 46U/I for the short-run eating speed score in the second period, 51U/I for whether drink 
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more than 180ml Japanese sake in the second period, and 36U/I for the probability of the diagnosis 

of liver diseases. This may explain partly why we do not find much impact of health information 

in the second period. We will further explore this issue in Subsection 6.7.        

              

6.6 Heterogeneous effects 

    It is possible that health information may have heterogenous effects, so we examine 

three specific samples separately in this subsection: males, females and people with high 

risks. Tables 8 and 9 report the results for male sample (left panel), female sample (middle 

panel) and people with high risks (right panel), respectively. The high risk are defined as 

those having the metabolic syndromes based on the criteria determined by the Japanese 

Society of Internal Medicine (MHLW, 2013a).15 

Since approximately 80% of our sample are males, the results tend to be dominated 

by those for male sample. First, taking a closer look at results in Table 8 for the cutoff of 

41U/I, the estimates for drinking behaviors are generally statistically insignificant for 

women. The increasing use of abdominal ultrasound test remains significant for both male 

and female samples in the first period, yet an interesting difference is found in the second 

period: males tend to reduce the use of CT/MRI while females increase the use of such 

expensive tests and reduce that of abdominal ultrasound. Females may have a higher 

tendency to use expensive tests, but it is unclear why males reduce the use upon receiving 

risk information. Regarding health outcomes, we also observe different patterns for 

 
15 The criteria for the metabolic syndromes include: (a) waist circumstance ≧ 85(90) for male (female); 

and (b) two of the following risks are identified: fasting blood sugar ≧ 110 mg/dL; systolic blood pressure 

≧ 130 mmHg or diastolic blood pressure ≧ 85 mmHg; and HDL-cholesterol<40 mg/dL or triglyceride 

≧ 150 mg/dL (MHLW, 2013a).     
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females: the effect on BMI disappears, while a strong effect is observed for LDL-

cholesterol in the first period.    

Lastly, as shown in Table 8, when it comes to the sample with higher metabolic 

syndrome risks, we find a much strong effect on drinking amount, a reduction of 6.3% 

(4.9%) in the probability of drinking more than 180ml (540ml) Japanese sake on a 

drinking day in the first period. Moreover, a larger reduction in triglyceride is also 

observed among this sample. The results suggest that the high-risk population are more 

responsive to the risk information regarding some key outcomes such as the amount of 

drinking.        

    Finally, we also examine the heterogenous effects at the cutoff of 31U/I (Table 9). 

Again, the effect on the probability of drinking every day is mainly driven by that of the 

male sample, and a different pattern is observed for the expenses on biological tests: a 

reduction for males but an increase for females. In general, unlike the effects at the cutoff 

of 41U/I, there seems little impact on health outcomes at 31U/I, except for the high-risk 

group for whom we observe a decrease of 1mmHg in systolic blood pressure. 

 

6.7 Why are the estimated effects different in the two study periods? 

Probably the most puzzling finding in our analysis is the drastic differences in the 

estimates for the two study periods. Despite a larger sample size, the estimates for the 

second period are generally less significant, mainly due to a smaller magnitude of the 

coefficient. We have also conducted the estimation for the full sample, only to find that 

the estimates are dominated by those of the second period. We experiment with different 

study periods and find that the years after 2013 tend to share similar trends. Several 
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hypotheses are proposed and tested in this section to explore the reasons for this issue.16 

The first hypothesis is that individuals in the second period may have already been 

informed of risk information in previous health checkups, so that they are less responsive 

in health behaviors. To verify this possibility, we exclude from the sample the individuals 

with abnormal AST levels (i.e., AST over 40U/I or over 30U/I) in the previous round(s) 

of health checkup. Unfortunately, the results do not change much and the differences 

remain. 

The second hypothesis is that the samples are different in the two study periods, and 

the differences are due to a sample bias. We first compare the sample characteristics in 

Table 2 and find they are very similar in all the key variables. But there may be some 

differences in unobservable variables, so we focus on a subsample in the second time 

period who were also the subjects in the first time period. Examining the same individuals 

in both two time periods should technically eliminate the possibility of sample bias. Again, 

we find the results for the same individuals remain different in two time periods.    

    The third possible explanation lies in the impacts of increasingly tighter screening 

criteria used to judge the normal range of AST value. A decrease in the upper limit of the 

normal reference range implies that an abnormal AST value in current time period might 

be within the normal range before, which could result in a change in individuals’ risk 

perception, i.e., taking the risk information less seriously. As a result, health behaviors 

are less likely be changed at the lower new cutoff (e.g., the cutoff of 31U/I in our analysis). 

On the other hand, as fewer medical institutes use the higher cutoff (e.g., 41U/I), the 

estimates at the cutoff are more likely to be underestimated in a sharp RDD.  

   To confirm this hypothesis, we have examined other biomarkers. For example, the 

 
16 Although not reported, all the results discussed in this subsection are available upon request. 
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normal reference range for triglyceride has been quite constant over the two study periods 

in Japan. According to the annual survey of Zeneiren, the share of medical institutes used 

149mg/dL, the most commonly used cutoff, has been around 92.0-93.6% during 2014 to 

2019, which is quite constant compared to the case of AST. We therefore use a RDD to 

analyze the impact of risk information of triglyceride on the same outcomes as we did for 

AST. Interestingly, we find no big difference in the estimates for the two time periods. In 

some case, we even find more significant effects in the second period.      

 

7 Conclusions 

Providing health information is considered as an important instrument to improve 

health behaviors for a better public health in the long run. This study pushes forward the 

frontier of the understanding of the effects of health information by analyzing the impacts 

of an important liver function test, AST test, that has gained little attention so far. Using 

rich longitudinal data in Japan, the study applies a RDD to investigate how individuals 

respond to the risk information of liver diseases. Although the analysis is complicated by 

increasingly stricter criteria of screening and multiple cutoffs, our results provide several 

important findings. 

Firstly, despite some previous studies that find little health behavior effects of 

providing risk information, our results suggest that individuals do respond, to a certain 

extent, to the risk information of liver diseases. But the effects are limited and found only 

for drinking behaviors commonly recommended as the most important preventive 

measure for liver diseases. If we only examine behaviors such as eating, smoking and 

exercising, we are likely to draw a conclusion similar to previous studies. 

Secondly, as medical institutes tightening their criteria to determine the normal range 
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of health checkup results, the impacts of health information may interact with such 

dynamic changes. For the case of AST, we generally find less significant effects in the 

second time period, when the upper limit of normal range of AST was switched to a lower 

level by many health checkup providers. Although we could not provide direct evidence 

on the impact of changing cutoffs due to the lack of data, our analysis points to the need 

of future research to further address this issue to better predict the effects of public 

policies and health interventions. 

Lastly, aligned with the findings of previous studies, our results also show that 

individuals with higher risks tend to be more responsive to health information, 

reemphasizing the importance of targeting at this group. In that sense, Japan’s SHC and 

SHG program that focus on identifying and helping the high-risk group seems to be an 

effective approach to improve the health of the target population. One caveat of this study 

needs to be noted. Due to the data limitation, we could apply only a sharp RDD to estimate 

the effects of risk information, which is likely to underestimate the true effects because 

the same treatment cutoff may not have been applied to each individual. Hence, we 

propose our estimates as the lower limits of the true effects.         
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Figure 1: Description of sample generation 

 
 
Notes:  
* Sample size varies slightly by outcomes due to the missing values. Since we are using outcomes in following time 
periods, we define the end of the study period as March of 2018, though some information in 2019 is extracted. 

  

No. of

observations

No. of

indiviudals

Observations with health checkup information

from 2005~2019 in JMDC.
13,157,681 3,233,271

        ↓ (44,533 dropped)

Step 1: Some individuals had their health

checkup results and their answers to a routine

questionnaire implemented duing the health

checkup recorded in separate observations in the

same month. We integrate the data and drop one

of the duplicates.

13,113,148 3,233,271

        ↓(212,238 dropped)

Step 2: Drop data before April of 2008. 12,900,910 3,224,045

        ↓(1,941,101 dropped)

Step 3: Drop data of dependants. 10,959,809 2,645,605

        ↓(1,785,563 dropped)

Step 4: Drop those aged younger than 30 or older

than 64.
9,174,246 2,167,804

        ↓(696,397 dropped)

Step 5: Drop those who were diagnosed of major

liver diseases in the past 12 months
8,477,849 2,101,607

        ↓

Step 6-a: Sample for short-run impact analysis:

Individuals with health checkup information in

two continous periods within 24 months.*
5,866,345 1,674,585

Step 6-b: Sample for long-run impact analysis:

Individuals with information available in the next

time period 24~48 months later.*
3,791,667 1,181,395
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Figure 2: Distribution of upper limit of normal reference range for AST 

 

Sources: Medical Screening Accuracy Survey Report, Zeneiren (2014, 2018, 2021)  
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Figure 3: Distribution of AST by time periods 

 

  

   
Notes:  
Bin size 1 is used and very few observations with AST over 100U/I are suppressed for clearer vision.  
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Figure 4: Averages of health behavior measures in the short run by AST 
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Figure 5: Averages of healthcare usage in the short run by AST 
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Figure 6: Averages of health outcomes in the short run by AST 
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Figure 7: Averages of major outcomes in the long run by AST 
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Figure 8: Histogram of AST and McCrary density tests at 31U/I and 41U/I (bandwidth = 5) 
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Figure 9: Cumulative distribution of t-statistics from McCrary tests at placebo cutoffs  
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Figure 10: RD estimate sensitivity to bandwidth for key outcomes 
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Whether drink more than 540ml at cutoff = 41 (short-run) Whether drink more than 540ml at cutoff = 41 (long-run)

Body mass index (kg/m2) at cutoff = 41 (short-run) Body mass index (kg/m2) at cutoff = 41 (long-run)
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Triglyceride (mg/dL) at cutoff = 41 (short-run) Triglyceride (mg/dL) at cutoff = 41 (long-run)

Medical expenses on abdominal ultrasound tests at cutoff = 41 (short-run) Prob. of liver diseases diagnosis in following 12 months at cutoff = 41 (short-run)
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Figure 11: RD estimate sensitivity to cutoff for key outcomes (95% C.I.), bandwidth = 5 
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Triglyceride (mg/dL) (short-run) Triglyceride (mg/dL) (long-run)

Medical expenses on abdominal ultrasound tests (short-run) Prob. of liver disease diagnosis in following 12 months (short-run)
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Table 1: Sample size and attrition rates by year 

 
Notes:  
1. The sample reported here is created based on steps 1-4 described in Figure 1, for April of 2008 to March of 2018.  

  

No. of

observations

No. of obs.

with short-run

info

Short-run

attrition rate

No. of obs.

with long-run

info

Long-run

attrition rate

2008 57,252 53,342 0.07 49,946 0.13

2009 133,616 126,535 0.05 117,730 0.12

2010 206,415 192,649 0.07 175,953 0.15

2011 289,897 270,938 0.07 247,598 0.15

2012 449,305 411,790 0.08 384,777 0.14

2013 720,973 675,910 0.06 620,543 0.14

2014 817,786 768,491 0.06 707,921 0.13

2015 1,101,035 1,029,632 0.06 905,077 0.18

2016 1,309,468 1,227,503 0.06 733,272 0.44

2017 1,570,050 1,389,195 0.12 129,764 0.92

2018 215,342 180,137 0.16 - -
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Table 2: Descriptive statistics 

 
Notes: 
1. The sample reported here is created based on steps 1-4 described in Figure 1. 
2. Liver diseases in past 12 months, including all types of hepatitis, liver fat, liver disorders and liver cirrhosis. 
3. Codes for self-rated eating speed: 1: fast; 2: average; 3: slow.  
4. Defined as whether take dinner within 2 hours before bed for more than 3 times a week.  

Obs. Mean S.D. Obs. Mean S.D. Obs. Mean S.D.

Age 6,871,139 46.9 8.4 1,216,731 45.8 8.5 5,654,408 47.2 8.4

Sex (1=male) 6,871,139 0.811 0.392 1,216,731 0.866 0.340 5,654,408 0.799 0.401

Whether diagnosed of liver diseases (1=yes)2 6,871,139 0.073 0.260 1,216,731 0.062 0.242 5,654,408 0.075 0.264

Health behaviors

Self-reated eating speed3 5,270,184 1.760 0.606 776,442 1.829 0.620 4,493,742 1.748 0.602

Whether take dinner late (1=yes)4 5,241,732 0.405 0.491 788,829 0.408 0.491 4,452,903 0.404 0.491

Whether drink everyday (1=yes) 5,813,058 0.298 0.457 1,023,208 0.307 0.461 4,789,850 0.296 0.456

Whether doesn't drink (1=yes) 5,813,058 0.348 0.476 1,023,208 0.338 0.473 4,789,850 0.350 0.477

Whether drink more than 180ml on a drinking day (1=yes) 4,328,026 0.570 0.495 660,850 0.564 0.496 3,667,176 0.572 0.495

Whether drink more than 540ml on a drinking day (1=yes) 4,328,026 0.057 0.232 660,850 0.049 0.215 3,667,176 0.059 0.235

Health oucomes 

Aspartate Aminotransferase (AST) (U/I) 6,552,876 23.1 11.6 1,143,662 23.0 11.5 5,409,214 23.2 11.6

Body mass index (kg/m2) 6,723,766 23.4 3.6 1,207,835 23.4 3.5 5,515,931 23.5 3.7

Systolic blood pressure (mmHg) 6,728,352 121.8 15.6 1,209,294 122.9 15.2 5,519,058 121.6 15.7

Fasting blood sugar (mg/dL) 5,342,063 96.7 18.9 952,896 96.2 19.7 4,389,167 96.8 18.7

Cholesterol (mg/dL) 6,548,168 122.3 30.8 1,142,250 122.5 30.9 5,405,918 122.3 30.8

Triglyceride (mg/dL) 6,545,366 119.6 95.7 1,145,903 123.9 96.9 5,399,463 118.7 95.4

Full1 2008~2012 2013~2017
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Table 3: Local polynomial regression estimates for health behaviors 

 
Notes: 
1. Robust standard errors, clustered at individual level, are reported in parentheses.  
2. All regressions include covariates.. 
3. Triangle kernel is used to weight the sample. 
4. * Statistical significance at the 10% level; ** Statistical significance at the 5% level; *** Statistical significance at 
the 1% level.  

Eating behaviors Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef.

Self-reated eating speed 21,545 0.024 115,089 0.004 22,925 0.018 65,787 -0.004

(0.019) (0.008) (0.018) (0.010)

Whether take dinner late (1=yes) 21,999 -0.026 * 113,684 0.000 23,097 -0.005 65,477 0.009

(0.014) (0.006) (0.014) (0.008)

Drinking behaviors
Whether drink everyday (1=yes) 27,145 -0.003 121,076 -0.002 26,293 -0.001 68,774 0.004

(0.012) (0.006) (0.013) (0.008)

Whether doesn't drink (1=yes) 27,145 0.001 121,076 -0.001 26,293 -0.003 68,774 0.001

(0.012) (0.006) (0.012) (0.007)

Whether drink more than 180ml on a drinking day 17,720 -0.026 * 98,167 -0.005 18,713 -0.017 58,463 -0.006

(0.015) (0.006) (0.015) (0.008)

Whether drink more than 540ml on a drinking day 17,720 -0.009 98,167 -0.002 18,713 -0.016 * 58,463 -0.009 *

-(0.009) (0.004) (0.009) (0.005)

Eating behaviors Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef.

Self-reated eating speed 95,875 0.001 507,427 -0.002 102,172 -0.019 ** 290,400 -0.004

(0.009) (0.004) (0.009) (0.005)

Whether take dinner late (1=yes) 98,134 -0.004 501,256 0.002 102,978 -0.005 288,899 -0.003

(0.007) (0.003) (0.007) (0.004)

Drinking behaviors

Whether drink everyday (1=yes) 121,457 -0.012 ** 534,798 0.002 117,207 -0.013 ** 303,482 0.000

(0.006) (0.003) (0.006) (0.004)

Whether doesn't drink (1=yes) 121,457 0.005 534,798 0.002 117,207 0.004 303,482 -0.007 **

(0.005) (0.003) (0.006) (0.003)

Whether drink more than 180ml on a drinking day 80,279 0.008 436,100 -0.001 84,335 0.004 258,974 0.001

(0.007) (0.003) (0.007) (0.004)

Whether drink more than 540ml on a drinking day 80,279 0.005 436,100 0.000 84,335 0.002 258,974 0.001

(0.004) (0.002) (0.004) (0.002)

Cutoff=31

Cutoff=41

2008~2012 2013~20152013~2017

Short-run impact Long-run impact

2008~2012
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Table 4: Local polynomial regression estimates for healthcare usage 

 
Notes: 
1. Robust standard errors, clustered at individual level, are reported in parentheses.  
2. All regressions include covariates. 
3. Triangle kernel is used to weight the sample. 
4. * Statistical significance at the 10% level; ** Statistical significance at the 5% level; *** Statistical significance at 
the 1% level. 
5. CT/MRI tests on head, limbs, breast, colon and blood vessel are excluded. 
6. Expenses on drug prescription are for all kinds of diseases and do not include drug costs.  

Cutoff=41

Obs. Coef. Obs. Coef.

Medical expenses on biological tests (yen) 30,285 303.8 138,549 130.1

(333.6) (170.0)

Medical expenses on abdominal ultrasound tests (yen) 30,285 146.4 *** 138,549 -8.0

(51.1) (26.3)

Medical expenses on CT/MRI tests (yen) 30,285 191.7 138,549 -111.4

(179.8) (74.4)

Medical expenses on drug prescription (yen) 30,285 -29.6 138,549 74.5

(131.6) (70.0)

Cutoff=31

Medical expenses on biological tests (yen) 135,058 -168.0 610,971 -27.7

(144.1) (74.8)

Medical expenses on abdominal ultrasound tests (yen) 135,058 10.0 610,971 10.9

(23.5) (11.7)

Medical expenses on CT/MRI tests (yen) 135,058 -69.8 610,971 -44.1

(82.0) (35.3)

Medical expenses on drug prescription (yen) 135,058 -36.4 610,971 -2.0

(61.2) (32.4)

2008~2012 2013~2017

Short-run impact
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Table 5: Local polynomial regression estimates for health outcomes 

 
Notes: 
1. Robust standard errors, clustered at individual level, are reported in parentheses.  
2. All regressions include covariates. 
3. Triangle kernel is used to weight the sample. 
4. * Statistical significance at the 10% level; ** Statistical significance at the 5% level; *** Statistical significance at 
the 1% level. 
5. Probability of major liver diseases diagnosed in the following 12 months after the health checkup. 

  

Obs. Coef. Obs. Coef.

Aspartate Aminotransferase (AST) (U/I) 29,866 -0.135 135,136 -0.269 27,679 -0.7575 * 76,304 -0.00931

(0.452) (0.209) (0.422) (0.275)

Body mass index (kg/m2) 30,010 -0.179 * 136,197 0.0252 27,724 -0.20212 * 76,520 0.02599

(0.105) 0.05246 (0.111) (0.070)

Systolic blood pressure (mmHg) 30,042 -0.1945 136,322 -0.152 27,723 -0.29929 76,524 -0.01286

0.37498 (0.183) (0.379) (0.244)

Fasting blood sugar (mg/dL) 23,383 -0.349 112,508 0.035 21,957 -0.57236 66,698 -0.15289

(0.658) (0.295) (0.704) (0.402)

Cholesterol (mg/dL) 28,462 -0.987 135,027 -0.131 27,651 -0.1194 76,263 -0.15566

(0.855) (0.396) (0.866) (0.518)

Triglyceride (mg/dL) 28,459 -2.041 134,938 -1.941 27,665 -5.00877 76,287 -6.52015 ***

(3.619) (1.563) (3.330) (2.111)

Prob. of liver diseases diagnosis5 30,285 0.005 * 138,549 0.001

(0.003) (0.001)

Aspartate Aminotransferase (AST) (U/I) 132,997 -0.074 596,502 -0.034 123,116 0.24407 336,556 0.12651

(0.134) (0.064) (0.165) (0.094)

Body mass index (kg/m2) 133,952 -0.020 601,305 0.040 * 123,331 -0.00323 337,626 0.00678

(0.044) (0.022) (0.047) (0.029)

Systolic blood pressure (mmHg) 134,106 -0.112 601,803 0.096 123,321 0.03154 337,641 -0.09038

(0.175) (0.086) (0.180) (0.115)

Fasting blood sugar (mg/dL) 104,528 0.032 496,123 0.087 98,152 -0.09061 294,074 -0.00995

(0.277) (0.116) (0.275) (0.157)

Cholesterol (mg/dL) 126,731 0.018 596,152 0.066 123,019 -0.14219 336,408 -0.25888

(0.389) (0.180) (0.396) (0.239)

Triglyceride (mg/dL) 126,703 0.940 595,823 0.225 123,051 1.52022 336,502 1.03762

(1.421) (0.650) (1.416) (0.878)

Prob. of liver diseases diagnosis5 135,058 0.001 610,971 0.000

(0.001) (0.001)

Cutoff=41

Cutoff=31

2008~2012 2013~2017 2008~2012

Short-run impact Long-run impact

2013~2015
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Table 6: McCrary test results 

 
Notes: 
1 T-statistics for the cutoffs used for the analysis are shown in bold.  
2. Estimates are obtained by the DCdensity command in Stata provided by McCrary at 
https://eml.berkeley.edu/~jmccrary/DCdensity/. 

  

Cutoff 2 3 4 5 6 7 8

26 2.359 2.101 1.121 -1.572 -7.578 -18.675 -37.222

27 -1.598 -0.902 -0.439 -1.572 -1.469 -5.326 -14.203

28 0.830 0.301 0.886 2.541 4.587 6.070 5.274

29 -0.276 0.838 2.411 5.054 8.978 13.966 19.220

30 1.400 2.930 5.296 8.495 13.413 20.505 29.460

31 0.938 1.898 4.017 7.994 13.871 22.123 33.199

32 -1.360 -0.722 1.424 5.484 11.846 20.691 32.733

33 2.041 2.875 4.603 7.847 13.358 21.970 34.005

34 0.032 1.715 3.627 6.513 11.451 19.241 30.823

35 0.537 0.376 1.780 4.656 9.126 16.128 26.534

36 -1.115 -0.469 0.645 -0.469 7.330 13.594 22.721

37 2.139 2.769 3.773 2.769 8.941 14.285 22.115

38 -0.762 0.096 1.620 0.096 6.498 11.027 17.953

39 0.182 0.403 1.216 0.403 5.374 9.214 15.056

40 0.982 1.045 1.162 1.045 4.343 7.794 12.820

41 -1.533 -1.287 -0.534 0.518 2.349 5.446 10.002

42 1.543 1.698 2.172 3.135 4.641 7.057 10.798

43 -0.244 0.616 1.352 2.426 4.016 6.133 9.182

44 0.124 -0.112 0.586 2.426 2.910 4.821 7.439

45 -0.315 0.136 0.244 2.426 1.825 3.378 5.687

46 1.085 0.823 0.827 2.426 1.457 2.657 4.489

47 -1.671 -1.401 -1.226 2.426 -0.338 0.601 2.269

48 1.665 1.219 1.233 1.409 1.794 2.511 3.802

49 -1.307 -0.366 0.057 0.435 1.118 2.066 3.302

50 1.651 1.090 1.211 1.733 2.401 3.336 4.595

Bandwidth



58 

 

Table 7: Checks on the continuity of covariates 

 
Notes: 
1. P-values that indicate statically significance at the 10% and 5% levels are shown in bold.  
2. Triangle kernel is used to weight the sample. 
3. All covariates in X in Eq.(1) are excluded from the explanatory variables.  

  

Coef. P-value Coef. P-value Coef. P-value Coef. P-value

Age 0.060 0.524 -0.031 0.479 -0.217 0.260 -0.085 0.347

Sex (1=male) -0.001 0.590 -0.001 0.453 -0.005 0.364 -0.003 0.403

Health behaviors

Self-reated eating speed3 -0.001 0.935 0.001 0.879 0.036 0.062 0.007 0.379

Whether take dinner late (1=yes)4 0.002 0.794 0.003 0.406 -0.014 0.371 0.004 0.512

Whether drink everyday (1=yes) -0.008 0.174 -0.002 0.505 0.006 0.632 -0.001 0.850

Whether doesn't drink (1=yes) 0.004 0.425 0.001 0.710 0.011 0.347 0.000 0.944

Whether drink more than 180ml on a drinking day (1=yes) -0.007 0.328 0.001 0.836 -0.007 0.660 -0.006 0.396

Whether drink more than 540ml on a drinking day (1=yes) 0.003 0.441 -0.003 0.151 0.002 0.864 -0.003 0.465

Health oucomes 

Body mass index (kg/m2) -0.006 0.890 0.044 0.043 -0.185 0.082 0.044 0.400

Systolic blood pressure (mmHg) -0.092 0.603 0.028 0.748 -0.171 0.651 -0.186 0.313

Fasting blood sugar (mg/dL) 0.262 0.786 0.049 0.180 -0.296 0.731 -0.266 0.580

Cholesterol (mg/dL) -0.291 0.461 0.063 0.726 -0.514 0.566 -0.450 0.269

Triglyceride (mg/dL) 1.270 0.391 -0.653 0.329 -3.322 0.381 -2.280 0.181

Cutoff = 31 Cutoff = 41

2008~2012 2013~2017 2008~2012 2013~2017



Table 8: Local linear regression estimates for heterogenous short-run impact (cutoff=41) 

 
Notes: 
1. Robust standard errors, clustered at individual level, are reported in parentheses.  
2. All regressions include covariates. 
3. Triangle kernel is used to weight the sample. 
4. * Statistical significance at the 10% level; ** Statistical significance at the 5% level; *** Statistical significance at 
the 1% level.  

Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef.

Eating behaviors

Self-reated eating speed 20,476 0.027 105,952 0.001 1,069 -0.021 9,137 0.032 4,918 0.009 27,493 0.002

Whether take dinner late (1=yes) 20,918 -0.027 * 104,584 0.003 1,081 -0.023 9,100 -0.027 5,031 -0.026 27,126 0.004

Drinking behaviors

Whether drink everyday (1=yes) 25,992 -0.001 111,738 -0.002 1,153 -0.029 9,338 0.003 6,030 -0.022 28,646 -0.008

Whether doesn't drink (1=yes) 25,992 0.001 111,738 -0.002 1,153 0.003 9,338 0.001 6,030 -0.011 28,646 0.013

Whether drink more than 180ml on a drinking day 17,049 -0.025 * 91,610 -0.004 671 -0.040 6,557 -0.021 4,087 -0.063 ** 22,986 -0.018

Whether drink more than 540ml on a drinking day 17,049 -0.009 91,610 -0.002 671 0.001 6,557 -0.007 4,087 -0.049 *** 22,986 -0.003

Usage of healthcare services 

Medical expenses on biological tests (yen) 29,000 295.4 127,482 70.7 1,285 564.3 11,067 810.7 6,743 388.9 32,970 575.5

Medical expenses on abdominal ultrasound tests (yen) 29,000 114.1 ** 127,482 20.0 1,285 973.7 ** 11,067 -346.4 * 6,743 99.0 32,970 56.7

Medical expenses on CT/MRI tests (yen) 29,000 186.5 127,482 -177.9 ** 1,285 241.8 11,067 671.8 ** 6,743 300.1 32,970 -25.5

Medical expenses on drug prescription (yen) 29,000 -64.5 127,482 73.5 1,285 782.9 11,067 77.6 6,743 -181.4 32,970 109.1

Health outcomes in the next time period

Aspartate Aminotransferase (AST) (U/I) 28,590 -0.163 124,267 -0.392 * 1,276 0.677 10,869 1.151 6,648 0.516 32,308 -0.607

Body mass index (kg/m2) 28,741 -0.195 * 125,306 0.027 1,269 0.174 10,891 0.004 6,642 -0.260 32,415 0.058

Systolic blood pressure (mmHg) 28,774 -0.132 125,422 -0.149 1,268 -2.035 10,900 -0.137 6,653 -0.788 32,465 -0.531

Fasting blood sugar (mg/dL) 22,433 -0.212 103,804 0.030 950 -3.158 8,704 0.117 5,377 -0.709 27,492 0.520

Cholesterol (mg/dL) 27,211 -0.713 124,168 -0.221 1,251 -8.254 ** 10,859 1.011 6,399 0.429 32,312 0.101

Triglyceride (mg/dL) 27,208 -2.215 124,091 -2.067 1,251 0.046 10,847 -0.480 6,377 -14.662 * 32,277 -4.295

Prob. of liver diseases diagnosis in following 12 months 29,000 0.005 ** 127,482 0.001 1,285 -0.010 11,067 0.001 6,743 0.007 32,970 0.000

Cutoff=41

High risk group defined by the Metabolic

Syndrom Guidelines
Female sampleMale sample

2008~2012 2013~2017 2008~2012 2013~2017 2008~2012 2013~2017



1 

 

Table 9: Local linear regression estimates for heterogenous short-run impact (cutoff=31) 

Notes: 
1. Robust standard errors, clustered at individual level, are reported in parentheses.  
2. All regressions include covariates. 
3. Triangle kernel is used to weight the sample. 
4. * Statistical significance at the 10% level; ** Statistical significance at the 5% level; *** Statistical significance at 
the 1% level. 

  

Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef. Obs. Coef.

Eating behaviors

Self-reated eating speed 89,769 0.000 457,750 -0.002 6,106 0.015 49,677 -0.006 14,812 0.025 78,536 0.016 *

Whether take dinner late (1=yes) 91,921 -0.004 451,744 0.003 6,213 -0.014 49,512 -0.008 15,091 0.034 * 77,368 -0.002

Drinking behaviors

Whether drink everyday (1=yes) 114,810 -0.012 ** 484,070 0.003 6,647 0.006 50,728 -0.003 18,039 -0.015 81,902 0.004

Whether doesn't drink (1=yes) 114,810 0.006 484,070 0.002 6,647 -0.011 50,728 0.006 18,039 -0.001 81,902 0.001

Whether drink more than 180ml on a drinking day 76,300 0.007 400,183 0.000 3,979 0.021 35,917 -0.017 12,253 0.010 66,447 -0.002

Whether drink more than 540ml on a drinking day 76,300 0.005 400,183 0.000 3,979 -0.008 35,917 0.003 12,253 -0.003 66,447 -0.001

Usage of healthcare services 

Medical expenses on biological tests (yen) 95,266 -348.3 ** 412,155 16.3 7,469 1970.3 ** 59,638 -253 19,969 -198.4 94,059 -164.4

Medical expenses on abdominal ultrasound tests (yen) 95,266 16.0 412,155 18.37 7,469 148.1 59,638 -59.1 19,969 34.7 94,059 -0.7

Medical expenses on CT/MRI tests (yen) 95,266 6.1 412,155 -59.6 7,469 473.1 59,638 8.0 19,969 -11.5 94,059 -142.1

Medical expenses on drug prescription (yen) 95,266 -84.1 412,155 0.9 7,469 245.4 59,638 -60.9 19,969 37.4 94,059 -63.1

Health outcomes in the next time period

Aspartate Aminotransferase (AST) (U/I) 125,614 -0.041 537,864 -0.002 7,383 -0.658 58,638 -0.361 * 19,682 0.506 92,242 -0.106

Body mass index (kg/m2) 126,570 -0.034 542,524 0.040 * 7,382 0.262 58,781 0.039 19,694 -0.080 92,564 -0.057

Systolic blood pressure (mmHg) 126,721 -0.059 542,998 0.113 7,385 -1.056 58,805 -0.074 19,740 -1.043 ** 92,670 -0.035

Fasting blood sugar (mg/dL) 98,811 -0.061 448,961 0.106 5,717 1.742 47,162 -0.145 15,772 0.224 77,990 0.320

Cholesterol (mg/dL) 119,428 0.018 537,522 0.057 7,303 0.080 58,630 0.360 18,938 0.761 92,247 0.143

Triglyceride (mg/dL) 119,435 1.013 537,246 0.316 7,268 -0.206 58,577 -0.731 18,887 -4.876 92,190 0.288

Prob. of liver diseases diagnosis in following 12 months 127,589 0.001 551,333 0.001 7,469 0.003 59,638 0.007 19,969 0.000 94,059 -0.002

Cutoff=31

Male sample Female sample
High risk group defined by the Metabolic

Syndrom Guidelines

2008~2012 2013~2017 2008~2012 2013~2017 2008~2012 2013~2017
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Appendix:  

Table A1: Standard questionnaire of specific health checkup 

 
Source: MHLW, 2013a.  

English Translation of question (original in Japanese) Answer

1 Medication to lower blood pressure Yes / No

2 Insulin shots or medication to lower blood sugar level Yes / No

3 Medication to lower cholesterol level Yes / No

4 Have you been diagnosed or treated with stroke by a doctor ? Yes / No

5 Have you been diagnosed or treated with heart disease by a

doctor?
Yes / No

6 Have you been diagnosed or treated with chronic kidney failure by

a doctor or gotten dialysis?
Yes / No

7 Have you been diagnosed with anemia? Yes / No

8 Do you habitually smoke currently? Yes / No

9 Have you gained weight 10kg or more since 20 years of age? Yes / No

10 Do you engage in lightly sweating physical exercise with the

duration of at least 30 minutes two or more times per week for at

least a year?

Yes / No

11 Do you engage in walking or similar physical activity at least an

hour per day in your daily life?
Yes / No

12 Do you walk faster than other people of the same age and sex as

you?
Yes / No

13 Have you gained or lost weight 3 kg or more in a year? Yes / No

14 Do you eat faster than other people? Fast / Normal / Slow

15 Do you eat dinner within two hours before going to bed three times

or more per week?
Yes / No

16 Do you snack after dinner three times or more per week? Yes / No

17 Do you skip breakfast three times or more per week? Yes / No

18 How often do you drink alcohol? Every day / Occasionally / Almost

no drinking (including not being

able to drink)

19 How much do you drink per day on the day of drinking? Less than 180ml / 180- 360ml /

360-540ml / 540ml or more

20 Do you take rest enough by sleep? Yes / No

21 1.  Not intending to do so

2.  Intending to do so in six

months

3.  Intending to do so in a month

or already engaged in doing so

little by little

4.  Already engaged in doing so

(less than six months)

5.  Already engaged in doing so

(six months or more)

22 Will you utilize health guidance to improve your lifestyle if you have

opportunity to do so？
Yes / No

Do you intend to engage in improving your lifestyle such as

physical exercise and dietary habits?
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