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effectiveness of the intervention for each probability group,
there was a significant difference between the groups
Objective: We aimed to identify the population in only for the moderate participation probability groups
which encouraging participation in the general health as follows: 30-39% (P=0.005), 40-49% (P=0.003), 50-59%
check-up would be helpful using a prediction model (P=0.004) and 60-69% (P=0.039).
based on a machine-learning method. A secondary
Conclusion: The intervention with printed reminder
analysis of data obtained from the health promotion
was
effective for improving participation of general health
program using a randomized controlled design, aimed at
check-up
among the group with moderate participation
improving participation in the general health check-up, was
probability.
The targeting using the results of prediction
performed.
model was useful for identifying appropriate intervention
Methods: The retrospective analysis was conducted targets.
using data from a health promotion program in the Fukuoka
Conclusions: More studies are needed to assess the
branch of Japan Health Insurance Association, Japan,
cost and benefits of adopting a system like this and then
between November 2015 and March 2016. Subjects
the appropriate actions could be taken.
were extracted from dependents (family members) of
insured persons aged 40-74 years who had participated in Keywords
general health check-up at least once in the past five years
Mass screening; Social marketing; Prediction model;
(2010-2014). Subjects were divided into two groups; the
Machine learning method; AUC
intervention group received a printed reminder saying “you
are due to general health check-up” through mail, while Highlights
the control group received nothing. The participation rates
• The intervention with printed reminder was effective for
of both groups for each participation probability group
improving participation of general health check-up.
(participation probability was calculated by the prediction
• In particular, the intervention was most effective among
model) were assessed after 4 month follow-up.
the group with moderate participation probability.
Results: The numbers in the intervention group and
in the control group were 1,911 and 3,294, respectively. • The targeting using the results of prediction model
applying machine-learning method was useful for
Regarding the prediction model, the AUC value for test
identifying appropriate intervention targets.
data was 0.668 (95%CI: 0.635–0.701). With regard to the
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1 Introduction
Non-communicable diseases (NCDs) have been the
commonest worldwide threat to health in recent decades [1].
Japan initiated the insurer-based system called the specific health
check-up and guidance in 2008, aiming to reduce the burden
of NCDs [2]. The program includes a review of risks related to
metabolic syndrome and behavioural change support for highrisk participants aged 40-74 years. Several countries provide
nationwide health check-up programs to promote lifestyle
modification and improve health outcomes in the general public
[3, 4, 5], and there are several previous works reporting the
effectiveness of general health check-ups on mortality reduction
[6, 7].
The participation rate has been increasing gradually after the
launch of the general health check-up in 2008 in Japan [8], but
approximately half of the subject beneficiaries of the insurers
do not participate, despite the considerable effort of providers
at promotion. Moreover, the participation rate of dependents
(family members) of insured persons is significantly lower than
that of insured persons. To overcome this situation, the concept
of “data health” was proposed by the Japanese Ministry of
Health, Labour and Welfare (MHLW) [9]. “Data health” refers
to an effective and efficient promotion of healthcare programs
using predictive analytics based on available electronic health
records (EHRs). This concept derives from the preceding studies
concluding that the application of big data to health care is
inevitable [10]. Although the providers of the general health
check-up have tried to develop interventions incorporating the
idea of “data health”, the effects of interventions are not clear
due to a lack of sufficient evaluation. The providers do not have
enough resources including data analysts, funds for intervention
costs, and obvious strategies. Therefore, the interventions in the
field have been limited to ineffective ones such as letters, emails,
and other communications sent to all subjects without tailoring.
One possible strategy for efficient promotion of the general
health check-up based on EHRs would be segmentation of subjects
using developed prediction models [11]. If we could predict the
subjects who are unlikely to participate in general health checkups, we would select the intervention target efficiently, because
we only need to intervene for predicted non-participants. Our
previous study showed the effectiveness of prediction models
applying the machine learning method to identify individuals
who are unlikely to participate in the instruction program for
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participants of the general health check-up diagnosed as
at high-risk of metabolic syndrome [12]. However, there is
still scarce evidence about the effectiveness of prediction
models to identify the effective population in encouraging
participation in the general health check-up based on EHRs.
We aimed to identify the population in which encouraging
participation in the general health check-up would be helpful
using a prediction model based on a machine-learning
method. A secondary analysis of data obtained from the
health promotion program using a randomized, controlled
design, aimed at improving participation in the general
health check-up, was performed. The evaluation of a targeted
intervention applying predictive analytics would provide
important knowledge for practitioners who need to develop
effective and efficient strategies for improving participation
in the general health check-up with limited resources.

2 Methods
2.1 Study Design
The present study was a retrospective secondary analysis
of an open, two-arm, randomized controlled trial conducted
in the Fukuoka branch of the Japan Health Insurance
Association as a health promotion program. The description
of the health promotion program using a randomized,
controlled design adhered to the Consolidated Standards of
Reporting Trials (CONSORT) statement, which deals with
the reporting of randomized, controlled trials [13].

2.2 Setting
This study used data of a health promotion program
conducted in the Fukuoka branch of the Japan Health
Insurance Association, which is one of the largest health
insurers in Japan, between November 2015 and March
2016. It includes approximately 1,700,000 insured people,
including dependents (family members) of insured persons.
In short, the Association provides health services mainly to
employees working for small and medium-sized enterprises
and their families. As a part of the health services, it provides
the general health check-ups for dependents aged 40-74 years
through the local network of clinics. The participants were
eligible for standard health checks, including measurement
of height, weight, BMI, abdominal circumference, systolic

55

Shimoda A et al.- Identifying the Most Appropriate Intervention Targets......

blood pressure, diastolic blood pressure, fasting blood glucose,
triglyceride, high-density lipoprotein (HDL) cholesterol, lowdensity lipoprotein (LDL) cholesterol, glutamic oxaloacetic
transaminase, glutamate pyruvate transaminase, gammaglutamyl trans-peptidase, and a dipstick urine test for proteinuria,
as well as filling the questionnaire asking medical history and
lifestyle (Supplementary Table 1). The contents of health checks
are determined by MHLW. Diagnosis of the risk of metabolic
syndrome was made according to Japanese criteria [14]. The
participants received the test results after several weeks through
the mail.

was achieved because the statistician used only insurance
identification number when performing randomization. The
intervention group received a printed reminder saying “you
are due to general health check-up” at the end of November
2015, while the control group received nothing. The research
subjects did not know which group whey were assigned to.
After four months’ follow-up, the participation rates of both
groups were assessed for each participation probability group
(participation probability was calculated by the prediction
model described below). Figure 1 shows the flow diagram of
the present study.

2.3 Research Subjects

2.5 Data Collection and Outcome Measures

The Association provided general health check-ups throughout
the year. The research subjects were extracted from residents
who met the following criteria: dependents (family members)
of insured persons in the Fukuoka branch of the Japan Health
Insurance Association; residents who did not participate in the
general health check-up from April 2015 to the end of September
2015 and who had participated at least once in the past five years
(2010-2014); and residents of certain area in Fukuoka prefecture
aged 40-74 years. The research subjects were randomly divided
into the intervention group and the control group. Since the trial
was conducted as a health promotion program, the association
wanted to allocate as many research subjects as possible to the
intervention group within the budget. Eventually 1,911 and 3,294
subjects were selected for the intervention group and the control
group, respectively.

The primary outcome was the participation rate in the
general health check-up between December 2015 and
March 2016 (four-month period after the intervention).
The participation data were compiled as part of the usual
record-keeping process of the designated local clinics. Each
clinic sent a written notification to the association when a
general health check-up was taken. This information was
transferred to a medical history form and used to determine
participation in the general health check-up.

2.6 Prediction Model
Data and outcome

Data available or generated during general health checkups were used as prediction variables. Data were extracted
from the health information system of the Association. All
variables used for the prediction model are shown in Table 1.
2.4 Procedure
Participation in the general health check-up from April 2015
In April 2015, all eligible subjects for the general check-up to March 2016 was predicted.
received invitation letters by the association through the mail.
Data pre-processing
Subsequently, subjects were identified according to the eligibility
criteria stated above. Then, the research subjects were randomly
There were no missing data because general health
divided into two groups using a permuted block randomization check-up data without missing values of dependents (family
method by statistician in the Association. Allocation concealment members) of insured persons are necessary for billing to
Supplementary Table 1: The contents of general health check-up.
Measurement
Questionnaire

Height, weight, BMI, abdominal circumference, systolic blood pressure, diastolic blood pressure, fasting blood glucose,
triglyceride, high-density lipoprotein (HDL) cholesterol, low-density lipoprotein (LDL) cholesterol, glutamic oxaloacetate
transaminase, glutamate pyruvate transaminase, gamma-glutamyl transpeptidase, proteinuria
Anemia, smoking, weight gain, exercise, physical activity, walking speed, weight change, eating habit, drinking, sleeping,
intention to improve lifestyle, intention to undergo instruction
Table 1: All variables used for the prediction model.

Variable type
Demographics
Examination results
Questionnaire results
Past participation

Variable
Sex, age, height, weight, BMI, abdominal circumference
Systolic blood pressure, diastolic blood pressure, fasting blood glucose, triglyceride, high-density lipoprotein (HDL)
cholesterol, low-density lipoprotein (LDL) cholesterol, glutamic oxaloacetate transaminase, glutamate pyruvate
transaminase, gamma-glutamyl transpeptidase, proteinuria
Anemia, smoking, weight gain, exercise, physical activity, walking speed, weight change, eating habit, drinking, sleeping,
intention to improve lifestyle, intention to undergo instruction
Past participation in general health check-up (2010-2014)
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the social insurance medical fee fund (each medical institution
providing general health check-ups inputs the information so that
there are no missing data values). All continuous variables were
divided into two to five discrete categories with consideration
given to the balance between interpretability and reduction in
cluster variance. All variables were then dichotomized as dummy
variables.

represents the final ensemble model, where each tree votes
for the final classification of an individual and the majority
wins (i.e., majority voting).
Tuning of Parameters

The use of RF for predictions required tuning of several
parameters. The parameters were determined by a grid search,
a method for searching for combinations of parameters.
Model generation
Table 2 shows the tuning parameters and the values of the
The prediction model was developed based on random forest final model.
(RF) [15] algorithms using machine-learning techniques. RF has
become popular due to its efficiency. Moreover, it has been used 2.7 Statistical Analysis
in a wide variety of research studies thanks to its ability to identify
To assess the effect of intervention, descriptive analysis
important variables as well as its high accuracy of predictive
was
conducted to summarize subjects’ age and sex. Chimodels [16, 17, 18, 19]. The model was trained and tested on a
squared
tests were used to determine differences between
randomly partitioned 80/20 percent split of the data with the
caret package in R [20]. RF is an ensemble-based technique using the intervention group and control group with regards to
multiple decision trees that can approximate functions with any the participation rate in the general health check-up within
shape. It is one of the most accurate learning algorithms available four months follow-up period. In addition, to evaluate the
and generates an internal unbiased estimate of the generalization effectiveness of intervention targeted by the prediction
error by means of the forest building processes. In order to model, stratified analysis for each of the ten participation
achieve high accuracy, each tree is developed from a random probability groups was performed, with intention-to-treat
bootstrapped subset of the training dataset based on bagging and analyses.
provides a classification as the vote for each tree. This procedure
Regarding the development of the prediction model,
is iterated over all trees in the ensemble, and the average vote the area under the curve (AUC), the receiver operating
of all trees is defined as the RF prediction. Whereas different characteristic (ROC) curve, sensitivity, and specificity were
classifiers overfit the data in a different way, these differences are calculated to evaluate the predictive values of the models
averaged out through voting because the resulting “forest” of trees
using the pROC package in R [21]. Subsequently, we
performed variable importance plot for identifying the most
important predictor of future participation in general health
check-up with the caret package in R [20]. All statistical
analyses were conducted using R (Version 3.3.2).

2.8 Ethical Issues
The study was approved by the Institutional Review Board
of the University of Tokyo (Examination number: 11604) as
a retrospective secondary analysis of data obtained from a
health promotion program conducted in the Association.
The authors used anonymized data.

2.9 Role of the Funding Source
There was no funding source for this study. All authors
had full access to all of the data. All authors made the decision
to submit the manuscript for publication.

Figure 1: Flow diagram of the trial process.
Table 2: Parameter values of the final model.
Model
Random forest

Parameter
num.trees
mtry

Value
500
42

num.trees = Number of trees; mtry = Number of variables used to make
one tree.
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3 Results
3.1 Baseline Characteristics of the Research
Subjects
Research subjects in the two groups did not differ in
baseline characteristics (Table 3).
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3.2 Performance of the Prediction Model
The performance of the developed model is shown in
Table 4, and the ROC curves of classifiers for the test dataset are
shown in Figure 2. The AUC value for test data reflecting the total
discriminative ability of the model was 0.668 (95%CI: 0.6350.701). Also, sensitivity and specificity of the developed model
were 0.538 and 0.720, respectively.

3.3 Identification of the Most Important Variable
for Prediction
Figure 3 shows the developed model variable importance
plot of the 20 variables exhibiting the highest coefficients of
permutation importance for participation in the general health
check-up. It revealed that participation in recent years was of high
importance.

3.4 Segmentation of the Research Subjects by
Prediction Model
Table 5 shows the distribution of participation probabilities for
both groups. Both groups did not differ in terms of participation
probabilities.
Table 3: Baseline characteristics of the research subjects by group.
Characteristic
Sex:
Male
Female
Mean (SD) age (years)
Age group (years):
40-49
50-59
60-69
70-74

Group A
Intervention
n=1,911

Group B
Control
n=3,294

80 (4.2)
1,831 (95.8)
56.6 (9.4)

155 (4.7)
3,139 (95.3)
56.0 (9.4)

544 (28.5)
547 (28.6)
679 (35.5)
141 (7.4)

1,028 (31.2)
935 (28.4)
1,094 (33.2)
237 (7.2)

Figure 3: Developed model variable.
Table 4: Performance of the prediction model based on random forest.
Dataset

AUC

Lower
95%CI

Upper
95%CI

Sensitivity Specificity

Training

1

1

1

1

1

Test

0.668

0.635

0.701

0.538

0.72

AUC = area under the curve.
The threshold for calculation of sensitivity and specificity was 0.5.
Table 5: Distribution of participation probabilities by group.
Participation probability

Group A
Intervention
n=1,911
47.8 (25.0)

Mean (SD) participation
probabilities
Participation probability groups
0-9%
109 (5.7)
10-19%
247 (12.9)
20-29%
208 (10.9)
30-39%
216 (11.3)
40-49%
204 (10.7)
50-59%
244 (12.8)
60-69%
243 (12.7)
70-79%
230 (12.0)
80-89%
155 (8.1)
90-99%
55 (2.9)

Group B
Control
n=3,294
48.0 (24.7)

164 (5.0)
421 (12.8)
342 (10.4)
395 (12.0)
379 (11.5)
412 (12.5)
442 (13.4)
350 (10.6)
285 (8.7)
104 (3.2)

Values are numbers (percentages) unless otherwise stated.

3.5 The Effectiveness of Intervention for each
Participation Probability Group
Table 6 shows the participation rate in the general health
check-up for each participation probability group. Overall, the
participation rate of intervention group and control group was
12.4% and 7.5%, respectively, and there was significant difference
between the participation rate of both group (P<0.001). When
Figure 2: Receiver operating characteristic (ROC) curves for the stratified by participation probability group, a significant
developed model based on random forest..
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Table 6: Participation rate in the general health check-up for each influential factor of self-efficacy proposed by Bandura,
participation probability group.
referring to a personal judgement of how well one can
execute action required to deal with prospective situations
Group A
Group B
Participation
Intervention
Control
P-value
[23]. Further, Stajkovic et al. found that expectations of
probability
n=1,911
n=3,294
self-efficacy determine whether an individual will be able to
Participation probability groups
exhibit coping behaviour and how long effort will be sustained
0-9%
8/109 (7.3)
5/164 (3.0)
0.18
in the face of obstacles [24]. Considering these works, the
10-19%
15/247 (6.1)
15/421 (3.6)
0.187
high participation probability group in the present study
20-29%
15/208 (7.2)
22/342 (6.4)
0.859
maintained a high degree of self-efficacy by past participation
30-39%
22/216 (10.2)
16/395 (4.1)
0.005
in general health check-ups, resulting in returning to
40-49%
25/204 (12.3)
19/379 (5.0)
0.003
participate regardless of exposure to intervention.
50-59%
37/244 (15.2)
32/412 (7.8)
0.004
On the other hand, regarding the low participation
60-69%
38/243 (15.6)
44/442 (10.0)
0.039
probability
group, they possibly have less experience of
70-79%
34/230 (14.8)
44/350 (12.6)
0.523
the general health check-up than other groups. Since the
80-89%
30/155 (19.4)
34/285 (11.9)
0.051
group with low participation probability might represent a
90-99%
13/55 (23.6)
17/104 (16.3)
0.366
population indifferent to health behaviour [25] or those with
All research
237/1,911 (12.4) 248/3,294 (7.5)
<0.001
low socioeconomic status [26] they are a “hard to reach”
subjects

Each value is the number of subjects who actually participated/the population when considering bringing about behaviour
change [27], resulting in no effectiveness of intervention by
number of subjects in the participation probability group.

postal reminder for participation in the general health checkup in the present study. To enhance the participation rate of
this group, preceding review articles suggest that tailored
intervention or multiple interventions are needed [28, 29,
30]. Since the intervention targeting only certain subjects
for whom the intervention is more likely to be effective can
4 Discussion
result in inequality of participation, and even cause health
inequality [31], further research is needed to develop and
The most important finding of the present study is that evaluate an effective method to improve participation in
a significant difference in participation in the general health the general health check-up among the low participation
check-up between the intervention group and control group was probability group.
observed only among the moderate participation probability
The results of the present study yielded important
group. Since there is scarce evidence about the effective targeting
new
knowledge for healthcare practitioners dealing with
using the results of prediction model based on machine learning
implementation
of the general health check-up. Since
method in context of health promotion program, the result of the
providers
of
general
health check-up such as health insurer,
present study yields an important knowledge for practitioners.
The result obtained from the present study is indeed interesting local governments and enterprises straggle to enhance the
for us as we initially proposed to intervene only in the group participation rate under financial constraint, knowledge about
with low participation probability. The analysis stratified by the strategy to identify cost-effective intervention targets would
participation probability group showed that the intervention be beneficial for them. Using readily available data in the field,
targeted at the group with moderate participation probability the developed prediction model applying a machine learning
might be more cost-effective than that targeted at the group with method provided useful segmentation of subjects to select
low participation probability. These results should be interpreted more appropriate intervention targets. Since the data types
carefully, because the stratified analysis was not pre-determined and format of the general health check-up are determined
hypothesis testing, but rather a post hoc subgroup analysis. As a by the Japanese Ministry of Health, Labour and Welfare [32],
cautionary note in preceding studies [22], we cannot exclude the the method used in the present study could be applicable for
possibility that the result of the stratified analysis in the present other providers of the general health check-up, including
study was obtained accidentally. However, at the same time, medical insurers and local governments. Moreover, the cost
the result of the present study is useful in suggesting a possible of predictive analytics has decreased significantly in recent
direction for further verification in future research.
years because of several open-source software packages, such
Nevertheless, the present results could be supported by the as TensorFlow or Azure. Consequently, valuable analyses can
evidence from preceding studies. Regarding the high participation be done at low cost, even in the absence of experts. If only
probability group, they may have participated in general health limited data can be available, it is also possible to develop
check-ups more times than the other groups: experience or a prediction model with certain accuracy by reducing the
“enactive attainment”, the experience of mastery, is the most explanatory variables: the variable importance plot showed
difference between the intervention group and control group was
seen only for the moderate participation probability groups as
follows: 30-39% (P=0.005), 40-49% (P=0.003), 50-59% (P=0.004)
and 60-69% (P=0.039).
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that recent participation in general health check-up was the most
useful variable for prediction in the present study.
Furthermore, the present results have policy implications.
Although the Japanese healthcare system has achieved high
service quality with fairly low health expenditure [33], national
health expenditure increases aggressively every year [34]. As
proposed in the concept of “data health” by the Ministry of
Health, Labour and Welfare (MHLW),9 an effective and efficient
promotion of healthcare programs using predictive analytics is
of great importance in the field of public health. One problem
with the concept of “data health” is the lack of a practical idea
of effective and efficient implementation of healthcare programs:
each insurer has been seeking effective strategies through trial
and error. The results of the present study provide these medical
insurers or service providers with a possible effective method
for implementing cost-effective interventions to improve
participation in the general health check-up, and they may drive
the dissemination of interventions incorporating the idea of “data
health”.

5 Limitation
There are several limitations of our study. First, this was a
retrospective secondary analysis of a health promotion program
conducted in the field. Results based on post hoc analysis need
prudent consideration. Further research is needed to verify the
hypothesis proposed in the present study. Second, the research
subjects were dependents (family members) of insured persons.
Since dependents account for 27.3% of the eligible population for
the general health check-up in the Fukuoka branch of the Japan
Health Insurance Association and have distinctive characteristics,
such as a significantly low participation rate, the generalizability
of the results is limited. Third, only the short-term effect of
intervention was measured. Future research examining the longterm effect of intervention is needed. Fourth, the developed
prediction model has much room for improvement in predictive
performance. Other variables including medical records or social
determinants might improve the predictive accuracy of the
model. Fifth, the method is only applicable for past participants
in the general health check-up because data are needed to develop
the prediction model and compute the participation probability
for each individual. Further research is needed to examine
the effectiveness of intervention among the “hard-to-reach”
population without any data on improvement of participation.

6 Conclusion
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