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Objectives: Enhancing health checkup participation is crucial for early detection and treatment of non-
communicable diseases and for improving public health. Effectively increasing health checkup rates requires
identifying and encouraging individuals likely to adopt health-oriented behaviours. We aimed to develop a
machine learning model to predict the participation probability in a specific health checkup in the following
year.

Study design: Retrospective cohort study.

Methods: We analysed data from 58,863 National Health Insurance-insured individuals in Kochi Prefecture,
Japan, who underwent specific health checkups during the fiscal years (FYs) 2013-2017. The dataset includes
physical measurements, blood pressure measurements, blood and urine tests, and self-reported questionnaires.
Predictive models for FY2018 participation were developed using LightGBM and evaluated using the area under
the receiver operating characteristic curve (AUC) and reliability curves. SHAP was used to assess the feature’s
importance. External validation for FY2019 and FY2020 assessed temporal robustness.

Results: Predictive accuracy for FY2018 was high, with AUCs of 0.824 (95 % confidence interval [95 % CI]:
0.813-0.835) for men and 0.820 (95 % CI: 0.810-0.830) for women. External validation of FY2019 showed AUCs
of 0.821 and 0.807 for men and women, respectively. In FY2020, prediction accuracy declined, with AUCs of
0.798 and 0.794 for men and women, respectively. Key predictive features included years since the last checkup,
past checkup frequency, age, systolic blood pressure, and lifestyle factors.

Conclusions: By developing an accurate model to predict future health checkup participation, we identified a
novel indicator that enables efficient, optimized recommendations and may help improve participation rates.

1. Introduction

Health checkups are routine examinations that assess overall health
and aid in the early detection of potential health issues through physical
and blood tests. Additionally, they promote healthier lifestyles and
provide opportunities for treatment through counselling.' Although
no consensus exists on the overall impact and necessity of health
checkups,”™ regular health checkups assist in the early detection of
diseases and the reduction of risk factors in many developed countries.”

In Japan, specific health checkups and guidance were initiated in the
fiscal year (FY) 2008 for the screening and early detection of lifestyle-
related diseases.>® As Japan has a universal health insurance system,

almost all citizens can access these specific health checkups and receive
guidance at a low cost. The implementation of specific health guidance
for individuals with obesity accompanied by hypertension, hyper-
glycaemia, dyslipidaemia, or smoking habits (as identified through
health checkup results) has been reported to help prevent the progres-
sion of metabolic syndrome,”*® mitigate risk factors for cardiovascular
disease (CVD)’ and increase doctor visits.'*'" Therefore, participation
in specific health checkups is essential for the reliable screening of in-
dividuals at high risk for diabetes and CVDs.

Despite its importance, the participation rate for specific health
checkups remains low. The target participation rate for these checkups,
set by the Ministry of Health, Labor and Welfare, was >70 %. However,
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the participation rate for specific health checkups in FY2022 was only
57.8 %.'? Undergoing a specific health checkup is not only a means of
detecting and preventing progression of lifestyle-related diseases at an
early stage but also a valuable opportunity to promote behavioural
modification through targeted health guidance for individuals identified
as at risk for conditions including prediabetes and subclinical cardio-
vascular disease. These checkups serve as a critical foundation for pro-
active health management at the individual level and increasing
participation constitutes an urgent priority in public health policy.
Although various strategies, such as reminder letters and phone calls
implemented with unique approaches by local municipalities, have been
explored to increase participation in specific health checkups, no
consistently effective method has yet been established.'®'* One
contributing factor is that participation in health checkups is influenced
by various factors, such as age, sex, health condition, and socioeconomic
status.'”"'” Comprehensive consideration of these factors and accurate
identification of individuals who would benefit from policies aimed at
increasing health checkup rates is challenging. Therefore, in this study,
we used a machine learning model to calculate the probability that an
individual would attend a specific health checkup. Multiple factors can
be accounted for by assigning probabilities, and policies based on these
probabilities can possibly achieve maximum impact. Although previous
analyses have predicted health checkup attendance and hospital vis-
its,'® 2 the present study is the first to predict individual-level proba-
bilities using large-scale real-world data. Additionally, we identified key
factors influencing predictions and examined their relative importance.

2. Methods
2.1. Participants

This study aimed to predict the probability of undergoing a health
checkup in the following year based on a 5-year history of specific health
checkups and their items. Study participants were individuals enrolled
in the National Health Insurance (NHI) program in Kochi Prefecture,
Japan. We selected insured individuals from this group who underwent
a specific health checkup at least once in the 5 years from FY2013 to
FY2017. We included those enrolled in the NHI in FY2018 with
consistent birth dates and sex records. Additionally, we excluded in-
dividuals aged >75 years who were transferred to the late-stage elderly
medical care system at the end of FY2018 and those <45 years old
without an available 5-year participation history.

2.2. Predictors

All individuals covered by the NHI are eligible for a specific health
checkup once a year. Health checkup data included over 50 items, such
as physical measurements, blood pressure, blood tests, urine tests, and
responses to medical questionnaires. First, if an individual had received
multiple specific health checkups in the past 5 years, only the most
recent health checkup data were used. From these data, we constructed
a dataset for analysis to predict the probability of health checkups in the
following year. Second, we excluded variables with missing data rates
>50 % (e.g., fasting plasma glucose, haematocrit, haemoglobin, and red
blood cell count). Next, we calculated the correlation coefficients among
variables and removed variables highly correlated with others (e.g.,
height, weight, waist circumference, diastolic blood pressure, aspartate
aminotransferase, gamma-glutamyl transferase, serum creatinine,
metabolic syndrome, and alcohol consumption). Subsequently, we
calculated the total number of checkups and the time elapsed since the
last checkup over the past 5 years based on the checkup history. Finally,
the health checkup items used for the prediction included age, sex, body
mass index (BMI), systolic blood pressure (SBP), triglycerides (TG),
high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein
cholesterol (LDL-C), alanine aminotransferase (ALT), haemoglobin Alc
(HbAlc), uric acid (UA), estimated glomerular filtration rate (eGFR),
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urinary glucose (UGLU), urinary protein (UPRO), and health guidance
level (Guidance Level), such as "Motivational support (single health
guidance session) and "Active support" (follow-up through 3-month
health guidance). Additional variables included anti-diabetes mellitus
(anti-DM) drugs, anti-hypertension (anti-HTN) drugs, anti-
dyslipidaemia (anti-DLP) drugs, and a medical history of stroke, heart
attack, and chronic kidney disease. Lifestyle-related factors also
included smoking, weight gain since age 20 years (weight gain), weight
change in the past year (weight change), regular exercise habits, daily
physical activity, walking speed compared with the same age group,
fast-eating habits, late-night dinner habits, late-night snacking, skipping
breakfast, alcohol consumption frequency, restorative sleep quality,
lifestyle improvement intention, willingness to receive health guidance,
checkups in the past 5 years, and the timing of the last checkup. Details
of the questionnaires are provided in Supplementary File 1.

As a preprocessing step, values outside the 0.01st and 99.99th per-
centiles of the continuous variables were treated as missing.

2.3. Prediction model

In this study, we used LightGBM to predict the probability of
participation in a specific health checkup in FY2018.%"?2 This nonlinear
decision-tree-based model is known to outperform logistic regression by
increasing the model’s degrees of freedom.”® LightGBM has the advan-
tages of being less dependent on the type and number of explanatory
variables, handling missing data, and being less susceptible to outliers.

The LightGBM Package in Python was used to implement prediction
models. The hyperparameters were optimized using Optuna software.>*
To avoid overfitting, early stopping was applied when the loss of the
validation set did not improve for over 50 consecutive iterations during
the training process. Hyperparameter optimization was conducted using
stratified k-fold cross-validation with k = 5.

2.4. Validation and evaluation

We created separate prediction models for men and women to
investigate the differences in factors affecting participants’ probability
of undergoing health checkups by sex. We used the reliability curve and
area under the receiver operating characteristic (ROC) curve (AUC) to
assess model performance. A reliability curve is an indicator that visu-
ally estimates the calibration of predicted probabilities. It plots the
predicted probability on the horizontal axis and the actual participation
rate on the vertical axis, visually representing how well the predicted
probabilities of a model match the observed outcomes. The ROC curve
was used to assess the performance of classification ability. It plots the
true-positive rate against the false-positive rate at various thresholds. In
addition, the AUC measures the classification performance, with values
closer to one indicating higher discrimination performance.

The analysis data were randomly split into 80 % training and 20 %
test data to verify prediction accuracy. The proportion of individuals
who underwent health checkups was stratified to equal the overall
proportion in the dataset. The model was trained using the training data,
and its performance was evaluated using the test data.

2.5. Feature importance

In many Al tasks, increasing model complexity often makes the
interpretation of results challenging. Therefore, we used Shapley addi-
tive explanations (SHAP) to quantify each variable.”>?® SHAP is a
method that distributes the predicted probability to each variable based
on its contribution. This analysis used the SHAP to quantify how each
explanatory variable influenced the predicted probability of undergoing
a health checkup in the following year.
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2.6. Statistical analysis

Continuous variables were reported as the mean + standard devia-
tion (SD) for normally distributed variables and the median and inter-
quartile range (IQR) for non-normally distributed variables. Categorical
variables were reported as counts and proportions. Due to the large
sample size, the normality of the continuous variables was assessed
visually using histograms and Q-Q plots rather than statistical tests.
Based on this visual assessment, age, TG, ALT, and HbA1lc were treated
as non-normally distributed variables. The histograms and Q-Q plots for
each variable are presented in Supplementary Files 2 and 3.

We constructed a prediction model for the health checkup partici-
pation the following year for each sex using LightGBM. Missing values
were retained during the training because LightGBM can handle missing
values without imputation. We evaluated predictive performance using
the AUC and reliability curves. For the reliability curves, the predicted
probabilities were divided into 10 equal-width bins ranging from 0 to 1,
and the calibration ability was assessed within each bin. We considered
a prediction statistically significant if the 95 % confidence interval (CI)
of each evaluation point crossed the 45-degree diagonal line.

SHAP values were calculated for all test data to assess the overall
importance of each variable. To examine age-related differences, we
then divided the test data into two age groups (>65 years and <65
years) and compared variable importance using SHAP values.

For external validation, the model developed in this study was
applied to predict health checkup participation rates for FY2019 and
FY2020, and its robustness was assessed. All analyses were performed
using Python version 3.10.

3. Results
3.1. Participant characteristics

This study included 89,695 local NHI-insured participants in Japan
who underwent a specific health checkup between FY2013 and FY2017.
Of these, 58,863 continuously enrolled participants during FY2018 were
included in the analysis.

The baseline characteristics of the 58,863 participants are presented
in Table 1. Among the participants, 26,235 (44.6 %) and 32,628 (55.4
%) were men and women, respectively, with a mean age of 66 years
(IQR: 61-69). Of these, 40,436 (69.3 %) underwent a specific health
checkup in FY2018, whereas 18,437 (30.7 %) did not. The missing rates
for the variables ranged from 0.0 % to 0.4 %, with the highest rate
observed for skipping breakfast. Other baseline characteristics, such as
questionnaires and history of specific health checkups, are presented in
Supplementary File 4.

3.2. Model performance

The model performance was evaluated based on the AUC and reli-
ability curves. The AUC was 0.824 (95 %CI: 0.813-0.835) for men and
0.820 (0.810-0.830) for women. Fig. 1 illustrates the reliability curves
for men and women. As shown in Fig. 1, the 95 % ClIs for all evaluation
points intersected the 45° line.

3.3. Feature importance

Fig. 2 shows the importance of the variables calculated using SHAP.
This highlights that the number of years since the most recent partici-
pation is the most important feature for predicting the probability of
health checkup participation for both men and women. The probability
tended to decrease over time as the time since the last participation
lengthened. Next, the number of times an individual participated in the
previous 5 years was another major contributor to the predicted prob-
ability, with more frequent participation in the past associated with
higher probabilities. Subsequently, older age and lower SBP also
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Table 1
Baseline characteristics include body measurements, blood pressure tests, blood
tests, urine tests, and health guidance levels.

level Non-attendance Attendance
n 18,427 40,436
Age, median [IQR] 65 [58, 68] 67 [63, 69]
Sex, n (%) Men 8792 (33.5) 17,443 (66.5)
Women 9635 (29.5) 22,993 (70.5)
BMI, mean (SD) 23.6 (3.8) 23.2 (3.5)
SBP, mean (SD) 131.4 (19.5) 129.0 (18.0)
TG, median [IQR] 112.0 [78.0, 106.0 [75.0,
167.0] 153.0]
HDL-C, mean (SD) 61.0 (16.5) 63.0 (16.4)
LDL-C, mean (SD) 121.1 (33.1) 120.3 (30.0)
ALT, median [IQR] 19.0 [14.0, 26.0] 18.0 [14.0, 25.0]
HbAlc, median 5.7 [5.4, 6.0] 5.7 [5.4, 6.0]
[IQR]
UA, mean (SD) 5.3(1.4) 5.3 (1.3)
eGFR, mean (SD) 74.7 (17.2) 72.3 (15.0)
UGLU, n (%) - 17,073 (30.8) 38,394 (69.2)
+ 257 (36.1) 454 (63.9)
1+ 306 (37.6) 508 (62.4)
2+ 298 (41.7) 416 (58.3)
3+ 411 (40.9) 595 (59.1)
UPRO, n (%) - 15,648 (30.6) 35,560 (69.4)
+ 1597 (33.1) 3223 (66.9)
1+ 688 (38.8) 1085 (61.2)
2+ 315 (45.1) 384 (54.9)
3+ 98 (45.8) 116 (54.2)
Guidance Level, n None 14,777 (30.0) 3,4481 (70.0)
(%)
Motivational 2285 (34.0) 4428 (66.0)
Active 1346 (47.1) 1513 (52.9)

ALT, alanine aminotransferase; BMI, body mass index; eGFR, estimated
glomerular filtration rate; HbAlc, haemoglobin Alc; HDL-C, high-density lipo-
protein cholesterol; IQR, interquartile range; LDL-C, low-density lipoprotein
cholesterol; SBP, systolic blood pressure; SD, standard deviation; TG, tri-
glycerides; UA, uric acid; UGLU, urine glucose; UPRO, urine protein.

contributed to a higher predicted participation probability. Supple-
mentary File 5 presents the results stratified according to whether the
participants were aged >65 years. Although no substantial differences in
the top-ranking variables were observed, SBP had a higher feature
importance than did age in the group aged >65 years.

Fig. 3a and b shows the relationship between the time elapsed since
the last checkup and the probability of receiving a checkup in the
following year. Of those who underwent a checkup 1 year prior,
approximately 80 % underwent a checkup the following year. After 2
years, the rate of checkups fell to 40-50 %; after >4 years, the proba-
bility of participation in the following year dropped to approximately
20 %. Similarly, Fig. 3c and d plot the relationship between the number
of health checkups received in the past 5 years and the probability of a
checkup in the following year. The rate of receiving health checkups
increased with the frequency of previous health checkups. The rate was
approximately 40 % for those with only one past checkup, whereas those
with five past checkups had a rate of >90 %.

3.4. External validation

In this analysis, we used specific health checkup data from FY2013 to
FY2017 to predict the participation rate in FY2018. As an external
validation, we assessed the model’s performance in predicting the
participation probability for FY2019 and FY2020 using a model trained
on data from FY2013 to FY2017. The AUC for FY2019 was 0.821 (95 %
CI: 0.816-0.826) for men and 0.807 (95 % CI: 0.802-0.811) for women.
Similarly, the AUC for FY2020 was 0.798 (95 % CI: 0.793-0.803) for
men and 0.794 (95 % CI: 0.789-0.798) for women. Supplementary File 6
shows the reliability curves for specific health checkup probabilities for
FY2019 and FY2020. In FY2019, as in FY2018, the 95 % CIs intersected
the 45° line for many evaluation points, whereas in FY2020, the
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Fig. 1. Reliability curves for men (left) and women (right). The horizontal axis is the predicted probabilities. The vertical axis is a fraction of attendance. The error

bars represent the 95 % confidence intervals.
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probability of receiving a specific health checkup tended to be

overestimated.

4. Discussion

Herein, we predicted the probability of receiving a specific health
checkup in the following year using health checkup data and a 5-year
history. Internal validation revealed minimal differences between men
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last health checkup (top) and the number of specific health checkup attendances (bottom).

and women, demonstrating high discrimination in both groups. More-
over, the reliability curve showed that the 95 % ClIs intersected the 45°
line across all evaluation points, confirming high predictive accuracy
across all probability groups.

The SHAP values showed that the timing of the last health checkup
had the strongest association with future participation. Additionally, the
probability of participating in health checkups increases with age. These
findings suggest that health beliefs, health concerns, and routine
participation in health checkups are related to the number of previous
health checkups, which is a key factor in future participation in health
checkups. Focusing on SBP, the probability of health checkups increased
in groups with lower blood pressure for both men and women. This may
be because individuals with high blood pressure have already started
treatment or, if untreated, are concerned about receiving strict health
advice from doctors and public health nurses. A similar trend was
observed for BMI. However, the importance of BMI was lower in men,
whereas it was higher in women. Previous studies have shown that
women are more likely to perceive themselves as overweight than
men.”’"?° This suggests that concerns about obesity-related health
advice are more pronounced in women than in men.

Next, we examined items in the questionnaire related to daily life.
The study revealed that the probability of undergoing a specific health
checkup is higher among groups with healthy lifestyles, such as those
who habitually eat breakfast, do not smoke, and exercise regularly. This
suggests that groups with a lower probability of undergoing health
checkups tend to have poorer lifestyle habits, and a low rate of health
checkups is strongly linked to a lack of concern for one’s health.

The highly accurate prediction of health checkup rates is expected to
encourage participation. Tailoring strategies for promoting health
checkups and optimizing recommendation frequencies for groups with

varying probabilities may efficiently maximize uptake under limited
cost and time constraints. For instance, groups with high participation
probability may not require additional recommendations, whereas those
with low or moderate rates could benefit from targeted interventions
and nudging techniques, such as personalized reminders, to enhance
participation.

In previous studies, the main factors affecting whether people un-
derwent health checkups included male sex, younger age, low socio-
economic status, and low interest in health checkups.'®!” Consistent
with these findings, our study also found that younger individuals were
less likely to undergo specific health checkups. Furthermore, the number
of past checkups and the time since the last checkup—both indicators of
health beliefs—were associated with checkup participation, providing
additional insight into behavioural determinants of health checkup
attendance. Moreover, self-reported lifestyle habits indicated that
groups with poorer lifestyles were less likely to undergo health
checkups, which is consistent with previous findings.'>'” This study
found that blood pressure levels were strongly associated with the
probability of receiving specific health checkups. Given previous reports
showing that the onset of hypertension, a cardiovascular risk factor, is
associated with lower participation in health checkups,'” targeted
strategies to encourage checkup attendance among individuals with
high blood pressure may be necessary.

In contrast, this study found that both men and women who regularly
drink alcohol were slightly more likely to undergo health checkups.
Previous studies suggested that higher alcohol consumption reduces
health checkup rates.'® However, these results must be interpreted with
caution. The alcohol-related items in this analysis referred to frequency
rather than consumption. Therefore, frequent drinking does not neces-
sarily indicate high alcohol intake. Although the questionnaire included
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questions on alcohol consumption, due to high missing values and
multicollinearity, alcohol consumption was excluded from the analysis.
Future studies should incorporate quantitative measures.

Herein, we developed a model to predict health checkup probability
for FY2018 and confirmed its reliability via internal validation. We then
evaluated the model’s temporal robustness by applying it to FY2019 and
FY2020 through external validation. In FY2019, performance was
comparable to FY2018. However, in FY2020, the model showed a trend
of overestimation. This trend is likely attributable to the global spread of
coronavirus disease. In Japan, a state of emergency was imposed in
major cities including in Kochi Prefecture, many residents refrained
from going out, reducing health checkup participation in FY2020. When
using this model to predict health checkup probabilities for FY2021 or
later, the predicted probabilities may be underestimated, as using
FY2020 data for prediction reflects reduced participation due to the
pandemic. Therefore, rebuilding the model to account for the conditions
observed in FY2020 is necessary for accurate predictions after FY2021.

The strength of this study is its large sample size. However, following
limitations are worth mention: first, data were obtained from a non-
urban area, limiting generalizability to other regions of Japan, partic-
ularly urban areas with differing demographic and socioeconomic
characteristics; external validity should be assessed in future research;
second, the analysis did not consider whether participants were
receiving medical treatment, as those under treatment typically do not
attend specific health checkups; and third, individuals who had not
undergone a specific health checkup in the past 5 years were excluded,
so the calculated annual health checkup uptake rate applies only to
those who have been checked at least once in that period.

In this study, we accurately predicted health checkup probabilities
and computed variable importance using a machine learning model and
an explanatory technique. The time elapsed since the last checkup and
the number of previous checkups were the most influential factors in
increasing participation likelihood. By estimating future participation
probabilities, we developed a novel indicator that enables more efficient
and optimized health checkup recommendations.
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