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Abstract
We previously established an interpretable combinatorial data-mining framework to identify combinations of clinical factors
predictive of heart failure. Because hypertension (HT) is a major contributor to heart failure, accurate prediction of new-onset HT
is critically important for prevention. To identify combinations of clinical factors predictive of HT onset using a novel limitless-
arity multiple-testing procedure (LAMP) and to estimate the probability of developing HT. We analyzed 2,610,286 individuals
without HT who underwent annual health check-ups starting in 2005–2015 and were followed for 5 consecutive years without
missing data. Using the LAMP method, we systematically identified statistically significant combinations of fewer than four
clinical factors associated with HT onset. Among 28,618 subjects used for rule discovery, 4802 combinations predictive of HT
onset were identified. The remaining 2,581,668 individuals were classified into one group with no predictive combinations (G0)
and 20 groups (G1–G20) according to increasing numbers of predictive combinations. The incidence of HT increased stepwise
with the number of predictive combinations, as confirmed by Kaplan–Meier analyses (p < 0.001). Receiver-operating
characteristic analysis demonstrated a moderate discriminative performance (area under the curve = 0.69). We identified
combinations of routine clinical parameters that predict new-onset HT in the general population. A greater number of matching
predictive combinations was associated with a proportionally higher probability of developing HT. This interpretable
combinatorial data-mining framework may enable risk stratification for HT and support early preventive strategies.

Keywords Artificial intelligence ● Forecasting ● Digital hypertension ● Prediction algorithms ● Risk assessment

Introduction

Hypertension (HT) imposes a substantial burden on the heart
and vasculature, leading to cardiovascular disease and

ultimately progressing to heart failure (HF) [1–3]. Therefore,
the ability to predict the onset of HT and to identify habitual
and lifestyle-related factors that provoke HT among indivi-
duals without established HT is critically important for pre-
venting its development. Moreover, identifying previously
unrecognized or seemingly unrelated factors that contribute
to HT onset may further enhance preventive strategies,
although early and strict blood pressure control remains
the cornerstone for reducing cardiovascular risk [4, 5].
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Lifestyle-related conditions such as obesity, physical inac-
tivity, excessive alcohol consumption, and high salt intake
are well established contributors to HT [6, 7]. However,
accurately predicting HT onset in individual subjects remains
challenging, because HT arises from the complex interplay
of multiple clinical, medical, physical, and habitual factors,
rather than from a single dominant cause, as seen in
monogenic diseases [8]. This multifactorial complexity
highlights the need for a quantitative framework capable of
predicting HT onset and identifying high-risk individuals
within the general population. Although machine
learning–based models have shown promising performance
in predicting incident HT, a systematic review has noted
substantial methodological heterogeneity and limited
explainability across existing studies [9]. Recently, we
implemented a novel statistical approach that enables
exhaustive analysis of all statistically significant combina-
tions of clinical parameters using a limitless-arity multiple-
testing procedure (LAMP) [10–12]. Applying this frame-
work, we successfully identified combinations of clinical
factors associated with worsening HF severity in patients
with HF and with increased risk of HF onset in the general

population [11]. These findings suggest that a combinatorial
approach may be particularly well suited for elucidating
complex disease phenotypes such as HT.

To translate this framework to the prediction of HT
onset, we first recruited Japanese individuals who under-
went annual, consecutive health check-ups over a 5-year
period, enabling the identification of subjects who did or did
not develop HT. This study population was used to explore
combinations of factors contributing to HT onset and to
examine whether such combinations could predict HT
development over 5 years. Second, using ~30,000 indivi-
duals from the general population, we identified predictive
combinations of clinical, medical, physical, and habitual
parameters associated with HT onset using the LAMP
method. Finally, we evaluated whether an increasing num-
ber of matched predictive combinations was associated with
a higher probability of HT occurrence in ~2.6 million
individuals from the general population. Through these
sequential analyses, we sought to establish an accurate and
quantitative framework for predicting HT onset and to
clarify the combinatorial factors underlying its pathophy-
siology in the general population.
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Methods

Study design and participants

This retrospective observational study was conducted in
Japan using healthcare insurance claims data obtained from
the Japan Medical Data Center (JMDC) Inc. (Tokyo,
Japan). The JMDC database contains standardized elig-
ibility and claims data provided by multiple health insur-
ance societies and includes ~2.6 million insured individuals,
comprising employees of general corporations and their
family members. The database captures all medical treat-
ments received by insured individuals across all healthcare
facilities, providing a comprehensive longitudinal record of
medical care.

All data were anonymized using unlinkable anonymiza-
tion after removal of decoding indices. The study protocol
was approved by the ethics committee of Hanwa Memorial
Hospital (approval number: M2024-2). In accordance with
the Japanese Ethical Guidelines for Clinical Research,
informed consent was waived because of the retrospective
observational design. Instead, JMDC Inc. issued a public
disclosure as required by the ethics committee and national
guidelines. This study was conducted in accordance with
the Declaration of Helsinki and the Japanese Ethical
Guidelines for Clinical Research.

Protocol 1: identification of predictive combinations
using LAMP

We randomly selected 28,618 Japanese individuals without
a diagnosis of HT at database entry during 2005–2015 who
had complete data for five consecutive years of follow-up.
From this cohort, 289 clinical, medical, physical, and
habitual parameters assessed at baseline were analyzed.
These included sex; age at entry; urinary glucose and pro-
tein levels (borderline, 1+ , 2+ , 3+ , or 4+ ); plasma
LDL cholesterol, HDL cholesterol, and triglyceride levels
(mg/L); hemoglobin A1c (%); body mass index; systolic
and diastolic blood pressure (mmHg); plasma uric acid (mg/
L); fasting plasma glucose (mg/dL); plasma alanine ami-
notransferase, aspartate aminotransferase, and γ-glutamyl
transpeptidase levels (IU/L); abdominal circumference
(cm); red blood cell count (×10⁴/μL) and hemoglobin con-
centration (g/dL); chest radiograph findings (A: normal; B:
minor changes without need for follow-up; C: follow-up
required; H: treatment required); electrocardiographic find-
ings (A: normal; B: minor changes without need for follow-
up; C: follow-up required; H: treatment required); visual
display terminal work status (A: follow-up required; B:
minor changes without need for follow-up; C: normal);
lifestyle interview items (current smoking status;
≥30 minutes of daily exercise; body weight change >2 kg

within 1 year; alcohol consumption categorized as daily,
occasional, or none); and prescription records. Among
prescription details included among the baseline clinical
parameters, the variable of “use of antihypertensive medi-
cation: No” reflects baseline treatment status prior to a
formal diagnosis of HT. Of course, all participants were free
of diagnosed HT at baseline; however, this variable does
not preclude the presence of borderline or high-normal
blood pressure values within the non-hypertensive range.

All data underwent rigorous quality control and cleaning
procedures. The occurrence of HT was monitored until
2020. HT was diagnosed by HT specialists and general
practitioners according to the Japanese diagnostic criteria
[13, 14]. Subjects were categorized according to the pre-
sence or absence of HT onset during the five-year follow-up
period (Table 1).

To identify statistically significant single factors or
combinations of factors associated with HT onset, we
applied the LAMP.(12) Each subject was represented by a
vector of clinical factors and a binary class label indicating
HT occurrence. These data were organized into a data table
D consisting of N rows and M factors per row. LAMP
employs Fisher’s exact test to evaluate hypotheses defined
by combinations of factors and their association with the
outcome class.

Here, the hypothesis was based on a combination of class
labels and conditions defined as a subset of the M factors in
D. As the condition of the uncovered significant hypothesis
may include any number of factors from 1 to M, the term
“limitless-arity” has been used to describe this method.
Accordingly, LAMP applies a highly efficient search
algorithm to quickly and completely derive significant
hypotheses from 2 M candidates.

If k is the number of all hypotheses for which the con-
ditions exceed or remain equal to σ objects in D (σ < N), the
relationship between k and σ (k = kD (σ)) depends on D but
is always antimonotonic because fewer hypothesis condi-
tions remain true at a higher frequency of D. Although the
formula of kD (σ) is not analytically determined, LAMP
includes a mining algorithm to efficiently derive all k
hypothesis conditions under a given σ. Bonferroni correc-
tion sets a boundary for the familywise error rate of the false
negatives in multiple tests at less than 1 significance level α
by correcting the level to α/kD (σ). Bonferroni correction
can be used as a standard multiple-testing procedure for the
k hypotheses. Note that this level is monotonic to σ as kD
(σ) is antimonotonic. If we use a very small set value for σ
for a complete search of the significant hypotheses, α/kD (σ)
is extremely small because kD (σ) approaches 2 M. In this
scenario, almost no hypotheses will be accepted as sig-
nificant. Conversely, if the set values of σ and, conse-
quently, α/kD (σ) are too large, kD (σ) will be very small and
some significant hypothesis conditions will be missed. To

An interpretable combinatorial data-mining framework for predicting new-onset hypertension in the. . .
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overcome this limitation in LAMP, any hypothesis with a
frequency less than σ will not have a p value less than the
following level.

f ðσÞ ¼ np
σ

� ��
N

σ

� �

Here, np is the number of objects with positive class labels
in D (np < N). Accordingly, any hypothesis with a
frequency less than σ will not be accepted if f(σ) > α/kD
(σ). Because f(σ) is antimonotonic for σ and α/kD (σ) is
monotonic, LAMP selects σ* to balance f(σ*) and α/kD (σ*).
The selected value of σ* yields the smallest number of
candidate hypotheses without applying the tests or missing
any significant hypotheses.

For practical considerations, we required each hypothesis
to be supported by at least 10 subjects. Because hypotheses
involving more than four factors did not satisfy this criter-
ion, the search space was restricted to combinations of up to
four factors. This limitation further reduced the number kD
(σ*) of the candidate hypotheses and increased the level α/
kD (σ*) in LAMP. After identifying all significant hypoth-
eses, those whose conditions were supersets of simpler
significant hypotheses were excluded, as their additional
significance was considered trivial.

Protocol 2: validation of predictive combinations in
a large population

In a larger cohort of 2,581,668 general subjects, baseline
clinical characteristics were assessed (Table 1), and the
occurrence of HT over five years was determined. For each
subject, we counted the number of combinations matching the
predictive combinations identified in Protocol 1. To test
whether HT onset could be predicted using baseline clinical
parameters, we evaluated the hypothesis that a greater number
of matched predictive combinations at baseline was asso-
ciated with a higher probability of HT onset during follow-up.

Protocol 3: characterization of combination
components

To explore the underlying mechanisms of HT onset, we
categorized the components comprising the predictive
combinations and quantified the frequency with which each
component appeared across all identified combinations.

Statistical analysis

Continuous variables are presented as mean ± standard
deviation. In Protocol 1, multiple testing generated by the
LAMP procedure was addressed using Bonferroni correc-
tion. In Protocol 2, because LAMP evaluates binary

indicators of combination matching, Cochran’s Q test was
applied to assess whether the probability of HT onset
increased with the number of matched predictive
combinations.

ROC curves were generated using the combination count
as a continuous predictor and 5-year incident hypertension
as the binary outcome. For each cutoff of the combination
count, individuals were classified as predicted positive if
their count was greater than or equal to the cutoff; sensi-
tivity and specificity were computed to plot the receiver-
operating characteristic (ROC) ROC curve, and the area
under the curve (AUC) was calculated using the trapezoidal
rule. All statistical tests were two-sided, and a P value <
0.05 was considered statistically significant.
All statistical analyses were performed using Python

v310 and packages, including lifelines v0278 (https://
github.com/nkimoto/PKMetS).

Results

Table 1 summarizes the baseline clinical characteristics of
the cohorts used to evaluate the incidence of HT. Several
clinical parameters at baseline differed significantly
between individuals who did and did not develop HT during
the follow-up period.

Using LAMP, we systematically examined statistically
significant combinations among 289 clinical parameters
while controlling the familywise error rate by calibrating the
Bonferroni correction. This analysis enabled comprehensive
characterization of HT outcomes. Among all combinations
composed of no more than four clinical parameters, we
identified 4802 combinations that were significantly asso-
ciated with HT onset. Table 2 presents the 23 combinations
with the smallest p values, and the complete list of com-
binations is provided in the Supplemental Table.

To evaluate whether the combinations identified in the
discovery cohort of 28,618 individuals were predictive of
HT onset, we analyzed an independent cohort of 2,581,668
individuals. We examined whether individuals with a
greater number of matching predictive combinations were
more likely to develop HT. As the number of predictive
combinations applicable to an individual increased, the
incidence of HT increased in a stepwise manner over five
years (P < 0.01; Fig. 1). This result demonstrates a strong
and positive association between the number of predictive
combinations identified by LAMP and the probability of HT
onset during the follow-up period.

Figure 2 presents the ROC curve for HT prediction,
demonstrating moderate discriminative performance with
AUC of 0.69. These findings indicate that the combinatorial
approach provides meaningful predictive information
regarding HT onset.

An interpretable combinatorial data-mining framework for predicting new-onset hypertension in the. . .
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Table 3 summarizes the frequency with which individual
clinical factors appeared across the predictive combinations
identified by the LAMP analysis (Supplemental Table).
This analysis highlights factors that contributed most fre-
quently to combinations associated with HT onset. Com-
monly represented factors included advanced age, prior
medical history, weight gain, prescription of lipid-lowering
medications, male sex, elevated low-density lipoprotein
cholesterol levels, elevated glucose levels, alcohol con-
sumption, and elevated plasma triglyceride levels, sug-
gesting that these factors may play important roles in the
combinatorial pathophysiology of HT.

Discussion

Key messages of the present investigation

The key messages of the present investigation are threefold.
First, this study provides evidence supporting the use of an
AI-based approach to identify combinations of clinical
factors for predicting the onset of HT. For this purpose, we
employed a novel data-mining method, LAMP, applied to

large-scale clinical data derived from the general popula-
tion. Second, this study demonstrated that individuals who
harbored a greater number of combinations of clinical fac-
tors associated with HT onset were more likely to develop
HT. This finding reinforces the robustness and clinical
relevance of the first observation. Third, we analyzed the
frequency with which each factor appeared in the rules
generated by the LAMP method, thereby highlighting
which clinical parameters play important roles in combi-
nations associated with HT onset. Importantly, the onset of
HT appeared to be determined by specific combinations of
clinical parameters, even when individual factors were not
independently recognized as risk factors for HT.

A novel strategy to identify combinations of
medical parameters for HT occurrence

The present study proposes the utility of large-scale data
analysis using the LAMP method [15] to identify previously
unrecognized rules composed of combinations of clinical
factors that predict the probability of HT occurrence. To
overcome the problem of combinatorial explosion when
searching for meaningful combinations associated with

The Numbers of the Matched Rules of the Combinations
for the Occurrence of Hypertension
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Fig. 1 The relationship between
the number of combinations
obtained in one cohort and the
probability of HT onset in
another cohort. As the number
of the combinations applied to
each subject increases, the
probability of the incidence of
HT increases. In X axis, a-u
indicate a= 0, b= 1-41, c= 42-
51, d= 52-60, e= 61-89,
f= 90-126, g= 127-183,
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j= 297-324, k= 325-356,
l= 357-397, m= 398-459,
n= 460-554, o= 555-639,
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r= 812-936, s= 937-1057,
t= 1058-1246, and u= 1247-
2275
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targeted outcomes, this data-mining approach is well suited
to exhaustively uncover combinations of standard clinical
parameters that may or may not individually influence HT
onset [16, 17]. This strategy enabled us to evaluate not only
single parameters but also combinations of parameters
obtained from routine health check-ups and medical records
that are not obviously or superficially linked to the
development of HT.

This data-mining approach shares some conceptual
similarities with multivariate analyses; however, conven-
tional multivariate analyses primarily evaluate the inde-
pendent effects of individual parameters on clinical
outcomes and are unable to systematically assess the effects
of specific combinations of factors. Moreover, while tradi-
tional data-mining approaches often suffer from combina-
torial explosion, the LAMP method maintains adequate
statistical power even under multiple comparisons and
provides statistically significant p values for each rule by
appropriately calibrating the Bonferroni correction, thereby
minimizing false negatives. Indeed, in the present study, we
identified 4,802 combinations with statistically significant p
values even after Bonferroni correction.

Importantly, “Age: more than 60 years,” is the single
determinant identified for HT onset and sging is strongly
associated with HT through mechanisms such as athero-
sclerosis, renal dysfunction, and neural dysregulation

(16,17). Because age-related factors were frequently inclu-
ded in the significant combinations, the present findings
should be interpreted with the recognition that age is a
dominant determinant of new-onset hypertension. Future
studies focusing specifically on younger individuals, such
as those younger than 60 years, will be needed to identify
combinatorial risk profiles that may be more directly useful
for early prevention. On the other hand, elevated plasma
uric acid levels are also well known to be associated with
HT (18,19) and similarly, elevated plasma triglyceride
levels contribute to atherosclerosis and are a component of
metabolic syndrome, which is closely linked to HT (20).
Collectively, these findings in Table 3 suggest that the
LAMP-based analytical approach is capable of correctly
identifying classical risk factors for HT, thereby supporting
the validity of this novel method.

Importantly, because individuals with overt hypertension
were excluded at baseline, blood pressure variables in this
study reflect variation within the non-hypertensive range
rather than established disease.

Mathematical precision models for predicting
HT onset

Although we have previously developed an interpretable
combinatorial data-mining mathematical model to predict
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Fig. 2 Receiver operating
characteristic (ROC) curve for
new-onset HT prediction.
Shown is the ROC curve
evaluating the discrimination of
the predictive summary risk
indicator based on the number of
hypertension-associated
combinations. The area under
the curve AUC was 0.69,
reflecting moderate
discriminative ability. The
dashed diagonal line denotes the
reference line for random
prediction
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the occurrence of HF (11,21–23), to our knowledge, com-
prehensive approaches for predicting HT onset that also
provide interpretable explanations of the predictive factors
remain lacking. Indeed, several previous studies have
applied machine learning algorithms to predict the onset of
HT using electronic health records or cohort-based risk
factors [9, 18–21]. These approaches have primarily aimed
to optimize predictive accuracy by modeling individual-
level risk through complex, often non-linear functions, such
as random forests, gradient boosting, or deep learning
architectures. While such models have demonstrated high
discrimination performance, they generally operate as
black-box predictors and provide limited insight into how
specific combinations of clinical parameters jointly con-
tribute to disease onset.

In contrast, the present study adopts a fundamentally
different methodological framework. Rather than con-
structing an individual-level classification model optimized
for prediction performance, we employed LAMP to
exhaustively identify statistically significant combinations
of routine clinical parameters associated with new-onset
HT. This combinatorial approach enables transparent iden-
tification of interpretable rules, explicitly revealing how
multiple factors interact to increase hypertension risk, even
when individual components are not independently recog-
nized as risk factors. Importantly, this framework does not
rely on model training or parameter tuning, but instead
systematically evaluates all possible combinations under
strict control of the familywise error rate. This strategy
allows comprehensive discovery of clinically meaningful
interaction patterns that may be overlooked by conventional
machine learning approaches, which tend to prioritize
marginal feature importance or overall predictive perfor-
mance. Furthermore, by quantifying the number of pre-
dictive combinations applicable to individuals, we provide a
probabilistic and scalable risk stratification scheme that
bridges population-level pattern discovery with individual-
level risk estimation. Using this framework, we demon-
strated that individuals harboring a greater number of HT-
associated combinations were more likely to develop
hypertension. Importantly, this scenario was validated in an
independent large-scale cohort, in which possession of an
increasing number of predictive combinations was asso-
ciated with a stepwise increase in HT incidence over 5 years
as demonstrated by the ROC curve shown in Fig. 2. In this
context, ROC analysis was not used to evaluate a conven-
tional classification model, but rather to quantify the dis-
criminative capacity of the number of matched
hypertension-associated combinations as a summary risk
indicator. Accordingly, the observed AUC of 0.69 should
be interpreted as reflecting population-level risk stratifica-
tion performance, rather than individual-level diagnostic
accuracy. Notably, this level of discrimination isTa
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comparable to or exceeds that of several established clinical
risk scores for incident HT, particularly when applied to
population-level risk stratification rather than individual
diagnosis.

These findings support the clinical relevance of this
combinatorial approach. Nevertheless, whether this frame-
work can prospectively predict future HT onset from a
given time point will require validation in forward-looking
observational studies.

The significance of the present model for HT onset
prediction

HT is known to arise from the interplay of multiple risk
factors, including metabolic syndrome, high sodium intake,
low potassium intake, obesity, alcohol consumption, phy-
sical inactivity, smoking, and unhealthy dietary patterns,
which may partly explain regional heterogeneity in HT
prevalence [22, 23]. Although such factors were included in
several of the identified combinations, our results further
indicate that factors not typically regarded as HT risk fac-
tors—such as stable body weight since early adulthood,
normal fasting glucose levels, absence of diabetes mellitus,
normal uric acid levels, and preserved liver function—may
nonetheless contribute to HT-associated combinations when
interacting with other clinical parameters. These findings
should not be interpreted as protective effects of “normal”
values per se, but rather as context-dependent components
within higher-order interaction patterns.

While the biological significance of such combinations
may not be readily explained by current reductionist or
functional analyses, these findings underscore the multi-
factorial complexity of HT pathogenesis and suggest that
future studies may uncover previously unrecognized
mechanisms underlying HT development.

Limitations of the present study

Several limitations of the present study should be
acknowledged. First, the definition of HT onset was based
on ICD-10 diagnostic codes, and concerns regarding the
accuracy of ICD-based diagnoses may be raised. However,
in Japan, HT has long been highly prevalent and closely
monitored due to the historically high incidence of cere-
brovascular disease. Consequently, guidance from the
Japanese Society of Hypertension is well established, and
both specialists and general practitioners are likely to
diagnose HT in a rigorous and standardized manner, redu-
cing the likelihood of substantial diagnostic
misclassification.

Second, the cohort analyzed in this study consisted
exclusively of Japanese individuals, raising questions
regarding the generalizability of the findings to other Asian

populations or to Western populations. Nevertheless,
numerous prior studies have demonstrated that the etiology,
pathophysiology, and pharmacological responses of HT do
not differ substantially between Japanese and non-Japanese
populations. Therefore, it is plausible that the findings
obtained in this Japanese cohort may be extrapolated to
broader populations worldwide, although validation studies
in other countries will be required.

Third, information on dietary salt intake was not avail-
able in the present dataset. Because high salt intake is an
established risk factor for HT, its potential contribution to
new-onset HT and to the identified predictive combinations
could not be evaluated in this study. Future studies incor-
porating dietary information, including salt intake, will be
needed to further clarify the relationship between lifestyle
factors and combinatorial risk profiles for HT onset.

Fourth, replication of this study would require the
acquisition of a large number of clinical parameters and
long-term follow-up over several years. As a next step, we
plan to conduct such prospective studies to further validate
and refine this analytical framework.

Conclusion

In conclusion, we identified specific combinations of clin-
ical parameters that predict new-onset HT in the general
population, and demonstrated that a greater number of such
combinations proportionally increased the probability of HT
onset. This quantitative AI-based approach may be useful
for stratifying HT risk and identifying high-risk individuals
for new-onset HT in the general population.
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