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We aimed to identify combinations of clinical factors that predict heart failure (HF) onset using a
novel limitless-arity multiple-testing procedure (LAMP). We also determined if increases in numbers
of predictive combinations of factors increases the probability of developing HF. We recruited
people without HF who received health check-ups in 2010, who were followed annually for 4 years.
Using 32,547 people, LAMP was performed to identify combinations of factors of fewer than four
factors that could predict the onset of HF. The ability of the method to predict the probability of

HF onset based on the number of matching predictive combinations of factors was determined in
275,658 people. We identified 549 combinations of factors for the onset of HF. Then we classified
275,658 people into six groups who had 0, 1-50, 51-100, 101-150, 151-200 or 201-250 predictive
combinations of factors for the onset of HF. We found that the probability of HF progressively
increased as the number of predictive combinations of factors increased. We identified combinations
of variables that predict HF onset. An increased number of matching predictive combinations for the
onset of HF increased the probability of HF onset.

Since the pathophysiology of heart failure (HF) is characterized by myocardial necrosis or apoptosis that causes
irreversible cellular damage, establishing methods to prevent and treat HF is crucial. Hypertension (HT), type 2
diabetes mellitus (T2D), primary/secondary cardiomyopathy, valvular heart disease, and coronary artery diseases
prime and contribute to HF'. Other factors such as renal dysfunction, anemia, age, and sex may also contribute
to the onset of HF. However, each of these factors alone cannot accurately predict the onset of HF because the
essence of HF pathophysiology is a multiplexity of many clinical, medical, physical, and habitual factors, unlike
single factor-related diseases, such as genetic diseases. Therefore, a quantitative formula to predict the occurrence
of HF and identify the high- or low-risk population is needed. Recently, machine learning has been progressed
and applied to the area of the prediction of HE. There is an abundance of HF risk prediction models that had
sufficient discriminative ability, although few are externally validated’. Wang et al.* and Wu et al.* showed the
prediction of the onset of HF at 2 years and 0.5 years using machine learning such as random forest method and
support vector machine, respectively. However, the variables that determine the onset of HF were not clarified
and these studies are not validated using another cohort as an external validation. Furthermore, the time window
for the prediction is relatively short. Several recent investigations®” revealed the artificial intelligence (AI)-based
prediction of the onset of HE, however, either the variables to link to the onset of HF or the probabilities of the
onset of HF have not been clarified. To conquer these unresolved issues, we have recently implemented novel
advances in statistical testing that allowed us to analyze all significant combinations of clinical variables via the
limitless-arity multiple-testing procedure (LAMP)?°.

We hypothesized that the use of LAMP may clarify the significant combinations of clinical variables to predict
the onset of HF, and that the individuals who have more combinations of factors for prediction of the onset of HF
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are likely to have the higher probability of the onset of HE. To establish such combinations of factors and their
ability to predict the occurrence of HE, we first determined the predictive combinations of clinical, medical, physi-
cal, and habitual variables that are associated with the incidence of HF for 4 years among approximately 30,000
general Japanese people using LAMP. Second, we determined if increases in the number of matched combina-
tions of factors increase the probability of HF occurrence in approximately 270,000 general people for 4 years.

Methods

Study design and participants. This was a retrospective observational study in Japan, and the informed
consent for the retrospective study was waived with the Ethical Guidelines for Medical and Biological Research
Involving Human Subjects issued by Ministry of Education, Culture, Sports, Science and Technology, Ministry
of Health, Labour and Welfare, and Ministry of Economy, Trade and Industry in Japan. We analyzed healthcare
insurance claims data obtained from the Japan Medical Data Center (JMDC) in Tokyo. The database contains
standardized eligibility and claims data provided by health insurance societies for approximately 4.5 million
insured individuals, including data from employees of general corporations and their family members. The data-
base contains all medical treatments received by insured individuals at all treatment facilities and a comprehen-
sive record of all treatments administered to a given patient. We removed the decoding indexes and analyzed the
personal data with unlinkable anonymization.

The study protocol was approved by the ethics committee of the National Cerebral and Cardiovascular Center
(M22-49, M24-51). On the basis of the Japanese Clinical Research Guidelines, the committee decided that patient
informed consent was not essential for inclusion in this study because of the retrospective observational nature
of the study. Instead, JMDC made a public announcement in accordance with the ethics committee’s request and
the Japanese Clinical Research Guidelines. The study was performed following the principles of the Declaration
of Helsinki and the Japanese Ethical Guidelines for Clinical Research.

Protocols. In the database of the approximately 4.5 million people, we set the entry criteria of (1) the pres-
ence of the complete dataset of the consecutive period of 4 years following 2010, (2) no diagnosis of HF at the
first year, (3) evidence of the presence or absence of diagnosis of HF during 4 years. Under these entry crite-
ria, we narrowed down the database and obtained the complete dataset of 308,205 people. We then randomly
allocated 32,547 people for the analysis cohort (Protocol 1) and remaining of 275,658 people for the validation
cohort (Protocol 2) using the random numbers table. Because we have had several general experiences that
about 30,000 people with 1% of incidence are enough to obtain the significant combinations of factors, and
indeed we have experienced that we need several thousands people with about 10% of incidence to obtain the
sufficient combinations of factors to identify the worthening of HF'?, we selected about 30,000 people to find the
meaningful and sufficient combinations of factors to detect the onset of HF for Protocol 1.

Protocol 1. 1In 32,547 Japanese cohort, we obtained 288 clinical, medical, habitual, and physical variables
at 2010, including sex; age; urinary sugar levels (borderline, 1+, 2+, 3+, and 4 +); urinary protein levels (bor-
derline, 1+, 2+, 3+, and 4+); plasma LDL and HDL cholesterol and triglyceride levels (mg/L); plasma HbAlc
levels (%); body mass index; systolic and diastolic blood pressure (mmHg); plasma uric acid levels (mg/L); fast-
ing plasma glucose levels (mg/dL); plasma ALT, AST, and y-GTP levels (IU/L); abdominal circumference length
(cm); red blood cell number (x 10%/uL) and blood Hb levels (g/dL); chest XP findings (A =normal, B=slight
changes but no need for observation, C=need for observation, and H=need for treatment); ECG findings
(A =normal, B=slight changes but no need for observation, C=need for observation, and H=need for treat-
ment); work using visual display terminals (VDT) (A =need for observation, B =slight changes but no need for
observation, and C=normal); interview regarding life habits (smoking at present: yes or no; more than 30 min
exercise per day: yes or no; changes in body weight more than 2 kg over 1 year: yes or no; drinking alcohol at
present: every day, not every day but sometimes, or none); and prescription details. We carefully performed
data cleaning for all data. People were monitored for HF until 2014. HF was diagnosed by cardiologists and
general practitioners using the Framingham Criteria of Congestive Heart Failure!!, plasma BNP levels'? and
echocardiogram"?, which seems to be reliable to precisely and accurately diagnose the several types of HE.

We separated people with and without the occurrence of HF over 4 years (Table 1).

We employed the novel LAMP method for our data-mining analysis to identify rules consistent with single
factors or combinations of factors that significantly affected the occurrence of cardiovascular events®. A person
was represented by both individual clinical factors and the class labels of groups with or without the occurrence
of HE, and this set of populations was used to form a data table in which each row represented a person. This
data table D consisted of N rows, each of which consisted of M factors and a positive or negative class label for
each object. LAMP uses Fisher’s exact tests to draw conclusions from a complete set of statistically significant
hypotheses regarding a class label. 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. Accord-
ingly, LAMP applies a highly efficient search algorithm to quickly and completely derive significant hypotheses
from 2™ candidates.

If k is the number of all hypotheses for which the conditions exceed or remain equal to o objects in D (6 <N),
the relationship between k and o (k=kp, (0)) depends on D but is always antimonotonic because fewer hypothesis
conditions remain true at a higher frequency of D. Although the formula of k, (o) is not analytically determined,
LAMP includes a mining algorithm to efficiently derive all k hypothesis conditions under a given . Bonferroni
correction sets a boundary for the familywise error rate of the false negatives in multiple tests at less than 1 signifi-
cance level a by correcting the level to a/ky, (). Bonferroni correction can be used as a standard multiple-testing
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The cohort for LAMP analyses

Variables Total (N =32,547) Without heart failure (N=32,222) | With heart failure (N=325) | The validation cohort (N =275,658)
Women, n (%) 11,359 (34.9%) 11,272 (34.9%) 87 (24.7%) 75,009 (27.2%)
Age, median age 45 (36-52) 45 (36-52) 56 (46-64)* 54 (46-61)

BMI, median BMI

22.2(20.2-24.4)

22.1(20.2-24.3)

23.2(21.3-25.7)*

22.3(20.4-24.6)

Abd circumference, median cm

80.0 (74.0-86.0)

80.0 (74.0-86.0)

84.5 (78.5-90.5)*

81.0 (75.0-87.0)

sBP, median mmHg

117.0 (106.0-128.0)

116.0 (106.0-128.0)

126.0 (111.0-137.3)*

120.0 (110.0-131.0)

dBP, median mmHg

71.0 (64.0-80.0)

71.0 (64.0-80.0)

77.0 (68.0-86.0)*

74.0 (66.0-82.0)

Hb levels, median g/dl

14.4 (13.4-15.3)

14.4 (13.4-15.3)

14.7 (13.7-15.6)

14.7 (13.7-15.5)

plasma HbAc levels, median %

5.2 (5.0-5.5)

5.2 (5.0-5.5)

5.5 (5.1-5.8)*

5.5 (5.2-5.7)

plasma HDL-cholesterol levels, median mg/dl

62.0 (53.0-74.0)

62.0 (53.0-74.0)

59.0 (50.0-71.0)*

60.0 (51.0-72.0)

plasma LDL-cholesterol levels, median mg/dl

120.0 (99.0-141.0)

120.0 (99.0-141.0)

125.0 (105.0-148.0)*

117.0 (96.0-139.0)

plasma TG levels, median mg/dl

86.0 (60.0-129.0)

86.0 (60.0-129.0)

105.0 (76.0-149.0)*

89.0 (62.0-134.0)

plasma AST levels, median IU/1

21.0 (18.0-25.0)

21.0 (18.0-25.0)

22.0 (19.0-26.0)

20.0 (17.0-24.0)

plasmaALT levels, median IU/1

19.0 (14.0-28.0)

19.0 (14.0-28.0)

21.0 (16.0-30.0)

19.0 (14.0-27.0)

plasma yGTP levels, median TU/dl

25.0 (17.0-42.0)

25.0 (17.0-42.0)

29.0 (21.0-50.0)*

25.0 (17.0-41.0)

plasma UA levels, median mg/dl

5.7 (4.7-6.6)

5.7 (4.7-6.6)

6.0 (5.1-7.0)*

5.4 (4.4-6.3)

Table 1. Clinical characteristics of test and validation cohorts at baseline with or without the occurrence of
heart failure in 4 years. BMI: body mass index, Abd circum: abdominal circumference, sBP: systolic blood
pressure, dBP: diastolic blood pressure, Hb: hemoglobin, HbA1c: hemoglobin Alc, HDL: high density
lipoprotein, LDL: low density lipoprotein, TG: triglyceride, AST: aspartate aminotransferase, ALT: alanine
aminotransferase, yGTP: y-glutamyl transpeptidase, UA: Uric Acid. Values are median (interquartile range),
only values of "women" are number (percent). *P<0.05 compared with the group without heart failure.

procedure for the k hypotheses. Note that this level is monotonic to o as kp, (0) is antimonotonic. If we use a very
small set value for o for a complete search of the significant hypotheses, a/ky, (0) is extremely small because ki,
(0) approaches 2M. In this scenario, almost no hypotheses will be accepted as significant. Conversely, if the set
values of ¢ and, consequently, a/kp (o) are too large, k, (o) will be very small and some significant hypothesis
conditions will be missed. To overcome this limitation in LAMP, any hypothesis with a frequency less than ¢
will not have a P value less than the following level.

o= (2)/(2)

Here, n, is the number of objects with positive class labels in D (n, <N). Accordingly, any hypothesis with a
frequency less than o will not be accepted if (o) > a/kp, (0). Because f(o) is antimonotonic for o and a/kp, (o) is
monotonic, LAMP selects 6* to balance f(c*) and a/kp (0*). The selected value of o* yields the smallest number
of candidate hypotheses without applying the tests or missing any significant hypotheses.

For practical reasons, we were interested in a hypothesis that held true for at least 10 people. As all hypotheses
involving more than four factors failed to meet this criterion, we limited our LAMP-based search to a maximum
of four factors. This limitation further reduced the number kj, (6*) of the candidate hypotheses and increased
the level a/kp, (6*) in LAMP. After all significant hypotheses regarding single clinical factors or combinations of
factors were obtained, we excluded each hypothesis for which the condition was a superset of conditions from
other simpler hypotheses as the significance of the former would be trivial in comparison with the significance
of the latter.

Protocol 2.  For a larger cohort of 275,658 general people, the clinical characteristics in 2010 were investi-
gated (Table 1) and the occurrence of HF until 2014 was determined. The number of combinations of factors
matching the predictive combinations of factors for the onset of HF obtained in Protocol 1 in each of the 275,658
people was determined. To prove the idea that the onset of HF is predictable using clinical variables, we tested
the hypothesis that the number of combinations of factors matching the predictive combinations of factors for
2010 is linked to the actual occurrence of HF over 4 years. In detail, we checked how many combinations of fac-
tors for the prediction of the onset of HF discovered in Protocol I in each of individuals in Protocol II, and we
classified 275,658 people of Protocol II into six groups who had 0, 1-50, 51-100, 101-150, 151-200 or 201-250
predictive combinations of factors discovered in Protocol 1 for the onset of HE.

It is a potentially informative censoring due to death from cardiovascular and non-cardiovascular deaths in
this study, however this study did not analyze these clinical outcomes because no information of cardiovascular
or non-cardiovascular death in the present data set is available.

Statistical analyses. Descriptive statistics of continuous variables are presented as means with standard
deviations. We tested the significant levels of all of the combinations of factors with no more than four clinical
mutable variables among 288 variables observed in the present study, and LAMP automatically created multiple
comparisons of 470,700 t-tests. We corrected the significance P value using Bonferroni correction in Protocol
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1: We multiplied the P values by 470,700 and we used the multiplied P values for statistical analysis. In Protocol
2, since LAMP tests a significant combination based on the binarized data of 0 or 1, we used the Cochran’s Q
test, one of the nonparametric methods to perform multiple comparison to test whether the probability of the
onset of HF increased as the number of combinations of factors matching the predictive combinations of factors
increased. We also performed the Kaplan-Myer Analysis to test the time dependency of the results in Protocol
2. All P values were two-sided, and a P value of <0.05 was considered statistically significant.

Results

Table 1 lists patient clinical characteristics according to the development of HF. The clinical variables from
2010 were significantly different between the groups with and without HE. A LAMP analysis that maintained
the familywise error rate below the required significance level by calibrating the Bonferroni factor to examine
the significant combinations of factors of the 288 clinical variables (Supplementary Table 1) was performed,
and thus, it characterized the HF outcomes. As shown in Table 1, the HF events occurred in 325 people among
32,547 people. In our LAMP analysis, we identified 549 combinations of factors that predicted the occurrence
of HF (Supplementary Table 2). Interestingly, combinations of factors of single determinants for the onset of
HF included age, systolic and diastolic blood pressure, and the use of aspirin or rosuvastatin. The other 544
combinations of factors consisted of two or three clinical factors.

To determine if the combinations of factors identified in the cohort of 32,547 people truly predicted HE, we
analyzed another cohort of 275,658 people and determined if people with more predictive combinations of factors
were more prone to developing HE. As the predictive combinations of factors that applied to a person increased,
the incidence of HF increased (P <0.01) over 4 years (Fig. 1). The numbers of the people for six groups who had
0, 1-50, 51-100, 101-150, 151-200 or 201-250 predictive combinations of factors discovered in Protocol 1 for
the onset of HF were 182,468, 26,774, 46,262, 19,722, 364 and 68, respectively; the numbers of people with onset
of HF for six groups were 2,695, 1,124, 1,871, 715, 43 and 9, respectively. Kaplan-Meyer Analysis showed that
the incidence of HF time-dependently increased as the number of predictive combinations of factors increased
(Supplementary Fig. 1). The probabilities for the HF occurrence in the groups with 0 and 201-250 were 1.48
and 13.2%, respectively: no combinations of factors to predict the HF occurrence in the low risk group really
provided a very low probability of the incidence of the HF onset, and the risk for the onset of HF increases as
the number of the combination for the onset of HF increased. On the other hand, we should notice the relatively
low sensitivity for the detection of people of the highest risk groups caused HF in 4 years.

p <0.01
(%) T 1

20

17.5

15

12.5+

The Occurrence Rate of HF for 4 years

(number of combinations) 0 1- 50 51-100 101-150 151-200 201-250
(number of people) (182,468) (26,774) (46,262) (19,722)  (364) (68)

(number of HF people)  (2,695) (1,124)  (1,871) (715) (43) (9)
The Numbers of the Matched Rules of the Combinations
of Factors for the Occurrence of HF

Figure 1. The relationship between the number of combinations of factors obtained in one cohort and the
probability of HF occurrence in another cohort. As the number of the combinations of factors applied to each
person increases, the probability of the incidence of HF increases.
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Discussion

The key messages of the present investigation are twofold. First, this study provided evidence supporting the use
of an AI model for identifying combinations of factors of clinical factors for predicting HE. For this purpose,
we employed a novel data-mining method, LAMP, and big clinical data from the general population. Second,
people who had more combinations of factors of clinical factors predicting HF were more likely to develop HE.
The latter evidence strengthens the likelihood of the former evidence. This Al analysis can potentially be used
for risk stratification for the occurrence of HF in general populations without HE.

The novel strategy of mathematical evaluation for data-centric medicine. The present study
proposed the expediency of data-mining of big data based on the LAMP? to identify unexpected rules consisting
of combinations of factors predicting the occurrence of HE. Data-mining methods are used to examine all pos-
sible combinations of factors of ordinary clinical variables that might or might not affect HF'***. This approach
allowed us to test both single variables and combinations of variables obtained at ordinary healthcare check-ups
and from medical records of diseases that may not be directly linked to HE

The LAMP method resembles a multivariate analysis. However, multivariate analyses only evaluate the effects
of each variable on clinical outcomes and cannot determine the effects of combinations of factors. Although
ordinary data-mining methods encounter a combinatorial explosion, LAMP maintains a statistical power under
multiple comparisons and provides the significant P values for each factor against the outcomes with minimal
false negatives by calibrating the Bonferroni factor. Importantly, single determinants for the onset of HF were
age, systolic and diastolic blood pressure, and the use of aspirin or rosuvastatin (Table 1), and the other 544
combinations of factors consisted of two or three clinical factors, which have not been identified as potential
risks for the onset of HE.

The LAMP method which provides the single or combination risk factors for HF is also different from the
machine learning. The prediction of the onset of HF can be performed using machine learning such as random
forest method and support vector machine®*, however, the variables that determine the onset of HF was not
clarified; if people are pointed out to be at high risk for HE, such analyses cannot point out the risks to be cor-
rected. Furthermore, the time window for the prediction is relatively short.

The novel findings using LAMP with significant P value were also tested by the classical statistical methods
such as Kaplan-Mayer Method. In the 1476 patients with old myocardial infarction (OMI) and glucose intoler-
ance, we analyzed 415,328 combinations of factors of <4 clinical parameters and identified 242 combinations
of factors that predicted the occurrence of hospitalization and LAMP revealed that the use of proton pump
inhibitors high plasma BNP levels, diuretics use, advanced age, and lack of anti-dyslipidemia drugs were linked
to cardiovascular events, all of which were verified by independently drawn Kaplan-Meier curves, indicating
that the determined factors accurately affected cardiovascular events!’.

These were tested in another OMI cohort'® and HF cohort®. Therefore, the validity and reproducibility of
LAMP were well verified in the cardiovascular field"’.

The importance of predicting the occurrence of HF. In a population-based study by Conrad et al.'®,
the incidence of HF declined by 7% between 2002 and 2014 from 3.6 to 3.3/1000 person-years, however the
estimated absolute number of individuals with newly diagnosed heart failure in the UK increased by 12% largely
due to an increase in population size and age; the estimated absolute number of prevalent HF cases in the UK
increased even more by 23%. In the several hundred thousand people in our study, the annual HF incidence rate
was approximately 2.5/1000 person-years, similar to the report of Conrad et al.'. The disparity of the rate of
HF occurrence may partly attributable to HF diagnosis. The cardiologists have diagnosed HF using echocardio-
gram, CT/MRI examination, and blood test including the measurements of plasma BNP levels on the top of the
physical examination and medical interview, and Framingham Criteria of Congestive Heart Failure!!. However,
general physicians may diagnose HF only by the symptom and physical examination, which may decrease the
incidence of HE. In our data of Japan, HF is mainly diagnosed using Framingham Ceriteria of Congestive Heart
Failure'!, plasma BNP levels'? and echocardiogram'?, which seems to be reliable to precisely and accurately
diagnose the several types of HE.

Although mortality attributable to HF has improved over the past few decades, HF still has high 5-year mor-
tality that rivals that of many cancers, and the prevalence of HF is increasing because of the aging population
and increased risk factors, such as coronary artery disease, hypertension, smoking, obesity, and T2D". Ho et al.’
showed that both hypertension and coronary heart disease are the most common conditions predating the onset
of HE. T2D and electrocardiographic left ventricular hypertrophy are also associated with an increased risk of HE
Metabolic syndrome, or its components such as hypertension, dyslipidemia, and diabetes, have been recognized
as independent potential risk factors for HF?!. The prevalence of these factors seems to have decreased in the
U.S. and Europe but has seemingly increased in Asia, especially in Japan. To respond to this unfavorable trend,
the Japanese government launched the National Health Promotion Movement in the 21st Century (Health Japan
21) between 2001 and 2012. For > 10 years, this movement decreased the prevalence of high blood pressure only,
while other factors remained unchanged or even worsened. As results, attempts to decrease the incidence of HF
have been in vain. These lines of evidence hint that we need to treat the risks of HF, and we also need to identify
the high-risk people among the general populations and provide the caution of the possibility of the onset of HF
to provoke the behavior modulation. The present study may contribute to identify the risk people of HF; when
such people are identified, we should exclude the risks for HF in each person to protect such a person from HE

Interpretation of the significant combinations of factors in predicting HF occurrence. HF is
caused by multifactorial pathways, such as hypertension, T2D, and coronary artery diseases, and we assume

Scientific Reports |

(2023)13:4352 | https://doi.org/10.1038/s41598-023-31600-0 nature portfolio



www.nature.com/scientificreports/

that combinations of factors independently prime and/or cause the pathophysiology of HE. The present study
demonstrated that 549 combinations of factors tightly and independently contribute to the high probability of
HF occurrence. Each combination of factors significantly and independently causes HF due to the multiplexity
of HF pathology, and each combination of factors seems to be an independent risk factor for the occurrence of
HE Individuals with more combinations are more likely to develop HE. Each combination not only contains the
classic risk factors for HF but also contains factors, such as no T2D, no alcohol intake, no liver dysfunction and
no smoking, that are considered inhibitory for HE However, even if such factors are contained in the combina-
tions, such combinations contain other deleterious factors that contribute to the high probability of developing
HE. Alternatively, the combinations may phenomenologically or practically represent the high occurrence of HE,
and the combinations may not guarantee a cause-and-effect relationship with HE. Importantly, people with more
combinations are more prone to developing HF in a LAMP combination number-dependent manner, and this
observation, conversely, suggests the multiplexity of causes of HE

It is intriguing to know that the number of the predictive combinations determine the occurrence of HF
with non-linear fashions (Fig. 1 and Supplementary Fig. 1). The accumulation of more than 1 or 150 risk factors
increases the probability of the occurrence of HF with a stepwise fashion, suggesting that we need to further
investigate how the combinations of the predictive LAMP determine the occurrence of HE.

Conclusion

In conclusion, we were able to identify combinations of clinical variables that predict the new-onset HF in the
general population, and more combinations proportionally increased the probability of HF onset in the general
population. This quantitative AI method can be used to stratify the probability of developing HF and identify
the high-risk cohort for new-onset HF in the general population.

Data availability

The data analyzed in this study are available from the corresponding author upon reasonable request.
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