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Preventing future long-term care dependency is a major public health challenge in aging societies. We
developed an explainable artificial intelligence (AI) model to predict future long-term care dependency
among adults aged >65 years using large-scale administrative healthcare data from Japan’s public
insurance system. The model demonstrated good discriminative performance in the randomly split internal
test cohort (AUC:0.870, sensitivity: 0.790, specificity: 0.800). Age and baseline long-term care certification
status were the strongest predictors. Neurological disorders, dementia-related conditions, cerebrovascular
diseases, and other chronic diseases also contributed substantially to the predicted risk. Conversely, the
model identified factors associated with reduced predicted risk, including hypercholesterolemia, allergic
rhinitis, and chronic periodontitis. The model identified both high-risk individuals and disease-specific
factors associated with predicted long-term care risk by quantifying feature importance and impact. Unlike
conventional black-box models, the proposed model enables transparent interpretation by providing not
only predicted risk values but also the factors associated with the predicted risk. This capability may
improve the clinical interpretability and practical applicability of Al-based risk prediction for long-term
care prevention.

INTRODUCTION

With the rapid progression of population aging worldwide, the growing number of older adults requiring long-
term care has become a major societal challenge (1, 2). In Japan, population aging has likewise led to an increase
in older adults with chronic diseases, multimorbidity, and functional decline, resulting in an expanding economic
and social burden associated with care dependency (3, 4). Consequently, the development of effective strategies
to prevent the transition to long-term care dependency among older adults has become an important public health
priority. In particular, the early identification of individuals at high risk of future care dependency and the
implementation of appropriate health guidance and preventive interventions are essential for extending healthy life
expectancy (HLE) and optimizing the use of healthcare and long-term care resources.

Recent advances in the availability of large-scale healthcare data have facilitated the application of machine
learning (ML) approaches to the prediction of frailty, functional decline, and other adverse outcomes among older
adults (5-7). However, future long-term care needs are determined by a complex interplay of multiple factors that
extends beyond frailty alone, including chronic diseases, medication use, health behaviors, and living
environments (8, 9). In this context, recent studies have successfully developed machine learning models for
prediction of long-term care risk among older adults, leveraging large-scale healthcare administrative data from
Japan’s public health insurance systems (10, 11). While these models demonstrated high predictive performance,
they remained a so-called “black-box” model that could not provide individualized explanations regarding the risk
factors underlying their predictions. To address this issue, we developed an explainable Al model that can
accurately predict future risk of certification at long-term care level 2 or higher from medical claims data and long-
term care certification assessment records, while simultaneously identifying key factors contributing to predicted
long-term care risk. The objective of this study was to develop and evaluate a practical decision-support tool that
can assist public health nurses, long-term care professionals, and municipal administrators in promoting healthy
life expectancy and preventing long-term care dependency.
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MATERIALS AND METHODS

Study population

Among approximately 400,000 residents aged 65 years or older who were eligible for Kobe City’s Community-
based Integrated Care System (12), a total of 284,660 individuals were included in the analysis after excluding
those who had already been certified as requiring Long-Term Care Level 2 or higher during the baseline period
(April 2016 to December 2017), as well as those who died or moved out of the city during the study period (April
2016 to December 2019). In Japan’s Long-term Care Insurance system, care needs are classified into seven levels
based on the type and extent of services required to support daily living: Support Required Levels 1 and 2 and
Care Required Levels 1 through 5 (13). Long-term care certification is determined by physicians and long-term
care professionals based on assessments across five domains: physical function and mobility, activities of daily
living (ADL), cognitive function, mental and behavioral status, and social adaptation. Care Level 2 is defined as a
condition in which individuals experience substantial difficulty performing most activities of daily living
independently and require continuous care support, and is regarded as an endpoint of healthy life expectancy in
Japan (14).

The data used in this study consisted of anonymized linked records provided by the Kobe City Health Bureau,
including medical claims data and long-term care certification assessment records derived from the National
Health Insurance and Late-Stage Elerly Medical Care systems and long-term care certification assessment records
from the Long-Term Care Insurance system.

Development of training and test datasets

To reduce the risk of re-identification associated with rare conditions, diagnostic variables with fewer than 10
occurrences were excluded from the analysis. After this exclusion, 5,697 ICD-10-based diagnostic variables were
included in the analysis. For each diagnosis, a binary explanatory variable was created by assigning a value of 1 if
at least one corresponding record was observed during the 21-month baseline period and 0 otherwise. Age, the
only continuous variable, was categorized into 5-year age groups and subsequently converted into binary variables.

The dependent variable was defined as the presence or absence of certification for Long-Term Care Level 2 or
higher, as recorded in the long-term care certification assessment data. For machine learning analysis, individuals
who were newly certified as requiring Long-Term Care Level 2 or higher during the 2-year observation period
following the baseline period were coded as 1, whereas all others were coded as 0.

Individual-level explanatory variables measured during the baseline period were linked to the dependent
variable to construct datasets for supervised machine learning and model evaluation (Figure 1). Specifically, the
284,660 eligible individuals were randomly divided into a training cohort (n = 213,495) and a test cohort (n =
71,165). In both cohorts, 5.6% of individuals were certified as requiring Long-Term Care Level 2 or higher during
the observation period. For machine learning, 23,888 individuals were randomly selected from the training pool
by random under-sampling to achieve an approximately 1:1 ratio of participants with and without long-term care
certification at care level 2 or higher.

Residents aged =65 years
N = Approx. 400,000

Figure 1.
Exclusion ’ Patient selection and data distribution.
Death, Out-migration, etc. After exclusion from approximately
400,000 subjects whose data were
Total number of individuals analyzed provided by Kobe City, the remaining
N =284,660 subjects were randomly allocated to
(75%) Care Leveizl: 36% (25%) training (75%) and test (25%) datasets.
Explanatory variables were obtained
l l during the baseline period (April 2016—
Training pool randomly chosen Test pool randomly chosen December 2017), and outcomes were
N=213,495 N=71,165 assessed  during the  subsequent

Care Level 22: 5.6 % Care Level 22: 5.6 %

| observation period (January 2018-
(Random undersampling) December 2019). Random  under-
! sampling was applied only to the training
dataset to generate a balanced training

Balanced training pool |
N= 23,888 PooL
Care Level >2: 49.9%
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Machine learning analysis

Machine learning analysis was performed using the Pointwise Linear Model (B3; Hitachi, Ltd., Tokyo, Japan),
an explainable artificial intelligence method with high discriminative performance for large-scale datasets
containing numerous explanatory variables (15, 16). B3 was selected because it combines flexible predictive
modeling with interpretable, feature-level information for individual predictions. The model generates a sample-
specific weight vector, thereby allowing the impact of individual features on each prediction to be evaluated. This
property is particularly useful for the present study, which involves high-dimensional healthcare data containing
numerous diagnostic variables and aims not only to identify individuals at high risk but also to clarify the factors
underlying their predicted risk. Unlike conventional black-box machine learning approaches, for which additional
post-hoc methods may be needed to explain individual predictions, B3 provides feature-level impact as part of the
model output (15, 16).

Using the training dataset, a supervised machine learning model was implemented to generate individualized
probability of future long-term care certification. The developed model was then applied to the test cohort.
Individuals with predicted risk probabilities of 0.5 or greater were classified as high risk, whereas those with
probabilities below 0.5 were classified as low risk. These predictions were compared with the actual long-term
care certification outcomes to evaluate model performance. The primary performance metric was the area under
the receiver operating characteristic curve (AUC). Secondary performance metrics included sensitivity, specificity,
accuracy, F1 score, and the average precision (AP).

Evaluation of variable importance and impact

To quantitatively assess the contribution of explanatory variables to risk prediction, score and weight values
were calculated for all variables using the B3 model. The score represents the relative importance of each feature
in the model, with a maximum value of 1.00. The weight represents the impact, i.e., the direction and magnitude
of the feature’s contribution to the predicted risk, with positive and negative values indicating increased and
decreased predicted risk, respectively.

All analyses were conducted using Python version 3.8.10 and B3 (Hitachi Al Technology/Explainable Al
Hitachi, Ltd., Tokyo, Japan; https://www.hitachi.com/ products/it/ai/index.html).

Ethics

The Kobe City Health Bureau provided record-linked anonymized data. This study was conducted on an opt-
out basis after approval by the Medical Ethics Committee of Kobe University (Approval Number: B200234;
September 19, 2020), the Kobe City Health Project Research Ethics Committee (March 22, 2021), and the Ethics
Review Committee of the Hitachi Group (December 28, 2021). According to the ethical guidelines of the Hitachi
Group, its members are permitted to participate in data analysis only when a given feature is present in at least 10
individuals to minimize the risk of personal identification.

Access to the dataset is restricted to the Kobe University laboratory to ensure data security and confidentiality.

RESULTS

Predictive performance of the machine learning model

The predictive performance of the supervised machine learning model using B3 for predicting certification of
long-term care level 2 or higher was evaluated using an independent test dataset. As shown in Figure 2 and Table
I, the model demonstrated good discriminative performance.

Table 1. The performance metrics of the developed machine learning model

AUC-ROC Accuracy Sensitivity Specificity Fl Score Average
Precision
0.870 0.791 0.790 0.800 0.299 0.339
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Evaluation of feature importance and feature impact

Among the 5,697 disease variables included as features in this study, 1,348 had a Score of >0. The Score is an
index generated by B3 that represents the importance of each feature. Figure 3 shows the feature impact of
functional independence level and age. The impact increased with increasing levels of care dependency, reaching
approximately 15% for individuals certified as requiring long-term care level 1. Regarding age, the feature impact
became positive from 75 years onward and exceeded 10% among individuals aged >85 years.

A total of 34 diseases showed a positive feature impact of >0.01 (Figure 4). Alzheimer’s disease exhibited the
highest impact, followed by Parkinson’s disease, dementia, constipation, and cerebral infarction. In addition,
various respiratory, cardiovascular, neuropsychiatric, dermatological, gastrointestinal, traumatic, bladder storage
disorders, including overactive bladder, and ophthalmological diseases showed positive feature impacts of >0.01.
Among musculoskeletal disorders, lumbar vertebral compression fracture, chronic low back pain, and lumbar
spondylosis showed relatively high feature impacts. Although below the threshold of 0.01, Osteoporosis (weight,
0.0092) and thoracic vertebral fracture (weight, 0.0087) were also identified as important predictors. Furthermore,
gait disorder (weight, 0.0092) and difficulty walking (weight, 0.0090), which reflect impaired gait and mobility,
were identified as important predictors.

Conversely, 16 diseases, including hypercholesterolemia, allergic rhinitis, and chronic periodontitis, exhibited
a negative feature impact of <—1% (Figure 5). The feature importance of all these diseases exceeded 0.80.

Ceritification Score
Support Level 1 1.00 '
Support Level 2 1.00 ]
Care Level 1 1.00 ]
Age
70-74 0.78 -
75-79 1.00 I
80-84 1.00 |
>85 1.00 ]
-0.005 0 0.05 0.10 0.15 0.20
Weight

Figure 3. Feature importance (score) and feature impact (weight) of certification status
and age group. Bars indicate the corresponding weight values. Positive and
negative weights indicate increased and decreased predicted risk of future
long-term care certification, respectively. Scores indicate the relative
importance of each feature in the model, with a maximum value of 1.00.
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Diagnosis Score
Alzheimer's disease (G309) 1.000
Parkinson's disease (G20) 1.000
Dementia (FO3) 0.994 ———
Constipation (K590) 0.949 ——
Sequelae of cerebral infarction (1693) 0.932 I
Lumbar compression fracture (S3200) 0.903 —— Figure 4.
Fluid loss (E86) 0.965 —— :
Congestive heart failure (1500) 0.899 —— Feature 1rnp0rtance (score) and
Open wound (T141) 0.000  — feature impact (weight) of
Chronic low back pain (M5456) 0.890 — . . e .
Supetrficial scalp injury (S000) 1.000 —— dlagnoses with pOSlthG Welghts
Hypertension (110) 0.057 ' — for future long-term care
Schizophrenia (F209) 0.995 —— . . . .
Iron deficiency anemia (D509) Ogop ' m— certification. Only diagnoses with
Cerebral infarction (1639) — 1
Osteoarthritis umbar (M4786) g'ggg — Welgh't Yalues 20.01 are shovyn.
Gastroenteritis (A099) 0,008 ' mm— Bars indicate the corresponding
Depressive Episode (F329) ' — : B
0.992
Bone/bone marrow metastases (C795) 0.992 — Welght Val}les. Scores 1ndlcate the
Brain damage-related mental disorder (FO69) 0.852 — relative importance of each
Chronic opstructive pulmonary disease (J449) 0.833 — feature in the model, With a
Bladder disorders (N328) 0.909 [r— .
Blepharitis (H010) 0.993 — maximum value of 1.00.
Chronic skin ulcer (L984) 0.927 [—
Interstitial lung disease (J849) 0.842 —
Glaucoma (H409) 0.962 [—
Chronic bronchitis (J42) 0.942 —
Localized edema (R600) 0.984 J—
Neurogenic bladder dysfunction (N319) 0.932 —
Tooth loss (K081) 0.923 —
Late-onset Alzheimer's disease (G031) 0.907 —
Corns and callosities (L84) 0.844 —
Edema (R609) 0.896 —
Other cerebral infarction (1638) 0.821 —
0 0.02 0.04 0.06 0.08 0.10
Weight
Score  Diagnosis .
1.00  Hypercholesterolemia (E780) Figure 5.
0.95  Allergic rhinitis (J304) Feature importance (score) and
0.96  Chronic periodontitis (K053) feat . t (oht £
0.96  Seborrheic Dermatitis (L219) e_a ure 1mpac (Welg ) . o
1.00  Periarthritis (M7799) diagnoses with negative weights
?-gg ;:cutde la';yrﬁg;(m’lo) for future long-term care
- eadache . . . .
0.99  Colon polyp (K635) cer.tlﬁcatlon. Only diagnoses with
0.94  Acute laryngopharyngitis (JOB0) weight values <—0.01 are shown.
0.99 ini i CON T )
096 Hyperlipidemia (E785) Bars indicate the corresponding
. Colonic diverticulosis (K573) . ..
0.96  Acute tonsillitis (J033) weight values. Scores indicate the
?-gg Cervical ectropion (N86) relative importance of each feature
——— Ghronic sinusitis (1329) in the model, with a maximum
0.89  Acute pharyngitis (J029)
——  0.96  Disorders of the vitreous body (H438) value of 1.00.
-0.03 -0.02 -0.01 0
Weight
DISCUSSION

In this study, we developed an explainable artificial intelligence (Al) model for predicting future certification
of Long-Term Care Level 2 or higher using medical claims data and long-term care certification records. The
model achieved an AUC of 0.870, exceeding the commonly accepted benchmark of 0.80 for good discriminative
performance (17). Furthermore, the model was capable not only of predicting the future risk of long-term care
dependency at the individual level but also of simultaneously identifying major explanatory variables (disease
diagnoses) associated with predicted long-term care risk and quantitatively evaluating their respective
contributions. These findings suggest that the present model may serve as a practical decision-support tool for
extending healthy life expectancy and promoting long-term care prevention.

Previous studies using Japanese administrative healthcare data reduced the dimensionality of claims-based
variables before model development. Sato et al. applied ANOV A-based filtering to select 150 representative codes,
while our previous study reduced and consolidated the original variables before applying XGBoost (10, 11). In
contrast, the present study incorporated 5,697 ICD-10-based diagnostic variables without disease grouping or
prediction-oriented feature selection, except for the exclusion of rare variables for privacy protection. Despite this
high-dimensional input, the B3 model achieved good discrimination (AUC, 0.870) while enabling the importance
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and impact of individual diagnostic features to be evaluated. These findings suggest that routinely collected claims-
based diagnostic information can be used for long-term care risk prediction with limited feature engineering,
supporting the potential utility of administrative healthcare data for practical risk prediction.

Feature impact analysis revealed that reduced functional independence and advanced age were the strongest
contributors to future long-term care dependency, consistent with our previous machine learning study. These
findings are in agreement with previous epidemiological studies demonstrating that functional decline and aging
are strongly associated with the transition to long-term care dependency, and that the present model appropriately
reflects the characteristics of long-term care risk among older adults (18, 19).

With respect to disease-specific variables, neurodegenerative diseases and cerebrovascular diseases, including
Alzheimer’s disease, Parkinson’s disease, dementia, and cerebral infarction, exhibited high feature impacts. These
conditions are well recognized as major causes of the transition to long-term care dependency because they directly
impair cognitive and physical function, leading to declines in activities of daily living (20, 21).

In addition to these diseases, constipation also showed a high feature impact. Constipation is recognized as a
geriatric syndrome that is closely associated with reduced physical activity, malnutrition, dehydration,
polypharmacy, and neurodegenerative diseases in older adults (22). More recently, chronic constipation has also
been reported to be closely associated with frailty and physical functional decline (23). Therefore, the present
findings suggest that constipation itself does not directly cause long-term care dependency but may instead serve
as a comprehensive marker reflecting overall health status and physical functional decline in older adults.

Among musculoskeletal disorders, lumbar vertebral compression fracture, chronic low back pain, and lumbar
spondylosis exhibited high feature impacts. Osteoporosis and thoracic vertebral compression fracture also showed
relatively high impacts close to the threshold used in Figure 4. Furthermore, disease diagnoses reflecting impaired
gait and mobility, such as gait disorder and difficulty walking, were identified as important features. The feature
importance (Score) of all these conditions exceeded 0.80. Osteoporotic fractures and spinal disorders are known
to contribute to the progression of frailty and sarcopenia through chronic pain, impaired mobility, and reduced
physical activity (24, 25). In addition, gait disorder and difficulty walking represent major clinical manifestations
of physical frailty and functional decline and are regarded as important indicators of future long-term care
dependency (10, 26, 27). The identification of these diseases and conditions as important features suggests that the
present model comprehensively captures not only musculoskeletal disorders but also impairments in gait and
mobility when assessing the future risk of long-term care dependency.

On the other hand, a broad spectrum of diseases, including respiratory diseases, cardiovascular diseases,
neuropsychiatric disorders, dermatological diseases, gastrointestinal diseases, bladder storage disorders such as
overactive bladder, and ophthalmological diseases, showed positive feature impacts. These findings indicate that
the transition to long-term care dependency is influenced not only by a single major disease, such as stroke or
dementia, but also by the cumulative effects of multimorbidity and age-related functional decline, as has been
widely acknowledged (18, 28). By utilizing comprehensive medical claims data, the present model may provide a
multidimensional assessment of the health status of older adults and more comprehensively capture the future risk
of long-term care dependency.

Conversely, hypercholesterolemia, allergic rhinitis, and chronic periodontitis showed negative feature impacts.
In older adults, hypocholesterolemia is associated with frailty, malnutrition, and poor overall health status, a
phenomenon commonly referred to as reverse epidemiology in geriatric medicine (29, 30). Likewise, allergic
rhinitis and chronic periodontitis are more likely to be diagnosed in relatively healthy older adults who are able to
maintain regular outpatient visits and appropriate self-care. Importantly, these negative feature impacts should not
be interpreted as evidence that these conditions have a causal protective effect against long-term care dependency.
Rather, they may represent surrogate markers reflecting relatively preserved functional status, greater engagement
with healthcare services, or other unmeasured characteristics. Therefore, these associations should be interpreted
cautiously, and further studies are required to clarify the mechanisms underlying these negative feature impacts.

The present study has several limitations. First, because the study population was limited to beneficiaries of
the National Health Insurance and the Late-Stage Elderly Medical Care System in Kobe City, caution is required
when generalizing the findings. Regional differences in population demographics, disease prevalence, healthcare
utilization, and long-term care service availability may affect both model performance and the relative importance
of individual predictors. Therefore, external validation and, if necessary, model recalibration using data from
municipalities with different demographic and healthcare characteristics will be required before broader
application. Nevertheless, because medical claims and long-term care certification data are collected under
standardized national insurance systems in Japan, the data framework used in this study may facilitate application
to other municipalities and, ultimately, larger-scale implementation across Japan. Second, information on lifestyle
factors, socioeconomic status, family structure, and physical function was unavailable for analysis. Incorporating
these variables may further improve the predictive performance of the model.
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In conclusion, the explainable Al model using the B3 algorithm accurately predicted future long-term care
dependency while simultaneously identifying important factors associated with predicted long-term care risk. The
present model has the potential to serve as a practical Al tool for the early identification of older adults at high risk
of future long-term care dependency and to support individualized long-term care prevention strategies aimed at
extending healthy life expectancy. Furthermore, the longitudinal administrative healthcare database used in this
study is expected to provide a valuable platform for developing Al models for predicting long-term care risk and
other applications in geriatric medicine and long-term care research.

ACKNOWLEDGEMENT

We would like to express our sincere gratitude to Dr. Ken Naono and Mr. Hiroaki Masuda of Hitachi, Ltd. for
their valuable advice and constructive comments on the use of the B3 model. We are also grateful to Dr. Hisako
Izumi, Professor, Department of Public Health, Kobe University Graduate School of Health Sciences, Kobe, Japan,
for her valuable comments and advice regarding the associations between disease diagnoses and the risk of long-
term care dependency. This work was supported by a grant from the Hyogo Prefectural Government, Department
of Industry and Labor (2018-2024). The funder had no role in the study design; data collection, analysis, and
interpretation; the writing of the manuscript; or the decision to submit the article for publication. We extend our
sincere appreciation to the Kobe City Public Health Bureau for providing access to healthcare data through the
Kobe City Healthcare Data Integration System.

REFERENCES

1. United Nations Department of Economic and Social Affairs [Internet]. World population ageing 2019. New
York: United Nations; 2020 [cited 2020 Oct; day not stated]. Available from: https:/www.un-
ilibrary.org/content/books/9789210045544

2. Kingston A, Wittenberg R, Hu B, Jagger C. Projections of dependency and associated social care expenditure
for the older population in England to 2038: effect of varying disability progression. Age Ageing.
2022;51(7):afac158.

3. Jin X, Mori T, Sato M, Watanabe T, Noguchi H, Tamiya N. Individual and regional determinants of long-
term care expenditure in Japan: evidence from national long-term care claims. Eur J Public Health.
2020;30(5):873-878.

4. Tamiya N, Noguchi H, Nishi A, Reich MR, Tkegami N, Hashimoto H, et al. Population ageing and wellbeing:
lessons from Japan’s long-term care insurance policy. Lancet. 2011;378(9797):1183—-1192.

5. LuY, Sato K, Nagai M, Miyatake H, Kondo K, Kondo N. Machine learning—based prediction of functional
disability: a cohort study of Japanese older adults in 2013-2019. J Gen Intern Med. 2023;38(11):2486—2493.

6. Leghissa M, Carrera A, Iglesias C. Machine learning approaches for frailty detection, prediction and
classification in elderly people: A systematic review. Int J Med Inform. 2023;178(3):105172.

7. Hassler AP, Menasalvas E, Garcia-Garcia FJ, Rodriguez-Maiias L, Holzinger A. Importance of medical data
preprocessing in predictive modeling and risk factor discovery for the frailty syndrome. BMC Med Inform
Deci Mak. 2019;19(1): 33.

8. Matsuda S, Fujino Y, Yano J. Analysis of causes of dependency under the long-term care insurance scheme
in Japan. Asian Pac J Dis Manag. 2007;1:91-96.

9. Poplas Susi¢ A, Klemenc-Keti§ Z, Blagus R, Ruzi¢ Gorenjec N. Factors that determine dependence in daily
activities: A cross-sectional study of family practice non-attenders from Slovenia. PLOS ONE.
2021;16(1):e0245465.

10. Sato J, Mitsutake N, Kitsuregawa M, Ishikawa T, Goda K. Predicting demand for long-term care using
Japanese healthcare insurance claims data. Environ Health Prev Med. 2022;27:42.

11. Anezaki H, Hiroe M, Kawai M, Fujiwara A, Nakata Y, Miyata Y, et al. A machine learning approach for
predicting long-term care needs and identifying risk factors among older adults in Japan. Kobe J Med Sci.
2025;71(3):E124-E143.

12. Otaga M. Community-based inclusive society and integrated care in Japan: Concepts and challenges for
practice. J Natl Inst Public Health. 2024;73(1): 32—41.

13. Tsutsui T, Muramatsu N. Care-needs certification in the long-term care insurance system of Japan. J Am
Geriatr Soc. 2005;53(3):522-527.

14. Ojima T, Hosokawa R, Myojin T, Aida, J, Kondo K, Kondo N. Associations between Healthcare Resources
and Healthy Life Expectancy: A Descriptive Study across Secondary Medical Areas in Japan. Int J Environ
Res Public Health. 2020;17(17):6301.

15. Shibahara T, Wada C, Yamashita Y, Fujita K, Sato M, Kuwata J, et al. Deep learning generates custom-made
logistic regression models for explaining how breast cancer subtypes are classified. Plos one.

E135


https://www.un-ilibrary.org/content/books/9789210045544
https://www.un-ilibrary.org/content/books/9789210045544
https://pubmed.ncbi.nlm.nih.gov/?term=Jin+X&cauthor_id=32556192
https://pubmed.ncbi.nlm.nih.gov/?term=Mori+T&cauthor_id=32556192
https://pubmed.ncbi.nlm.nih.gov/?term=Sato+M&cauthor_id=32556192
https://pubmed.ncbi.nlm.nih.gov/?term=Watanabe+T&cauthor_id=32556192
https://pubmed.ncbi.nlm.nih.gov/?term=Noguchi+H&cauthor_id=32556192
https://pubmed.ncbi.nlm.nih.gov/?term=Tamiya+N&cauthor_id=32556192
https://pubmed.ncbi.nlm.nih.gov/?term=Reich+MR&cauthor_id=21885099
https://pubmed.ncbi.nlm.nih.gov/?term=Ikegami+N&cauthor_id=21885099
https://pubmed.ncbi.nlm.nih.gov/?term=Hashimoto+H&cauthor_id=21885099
https://pubmed.ncbi.nlm.nih.gov/?term=%22Lu%20Y%22%5bAuthor%5d
https://pubmed.ncbi.nlm.nih.gov/?term=%22Sato%20K%22%5bAuthor%5d
https://pubmed.ncbi.nlm.nih.gov/?term=%22Nagai%20M%22%5bAuthor%5d
https://pubmed.ncbi.nlm.nih.gov/?term=%22Miyatake%20H%22%5bAuthor%5d
https://pubmed.ncbi.nlm.nih.gov/?term=%22Kondo%20K%22%5bAuthor%5d
https://pubmed.ncbi.nlm.nih.gov/?term=%22Kondo%20N%22%5bAuthor%5d
https://www.researchgate.net/journal/PLOS-ONE-1932-6203?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6InB1YmxpY2F0aW9uIn19
https://cir.nii.ac.jp/crid/1410588048784384130
https://cir.nii.ac.jp/crid/1410588048784384132
https://cir.nii.ac.jp/crid/1410588048784384258
https://cir.nii.ac.jp/crid/1410588048784384128
https://cir.nii.ac.jp/crid/1410588048784384133

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

M. KAWAI et al.

2023;18(5):e0286072.

Kumagai S, Togashi Y, Kamada T, Sugiyama E, Nishinakamura H, Takeuchi Y, et al. The PD-1 expression
balance between effector and regulatory T cells predicts the clinical efficacy of PD-1 blockade therapies.
Nature immunology. 2020;21(11):1346—1358.

Hosmer DW, Lemeshow S. Applied Logistic Regression. 2nd ed. In: Assessing the Fit of the Model. NJ:
Wiley-Interscience; 2000. p. 156-164.

Tamiya N, Noguchi H, Nishi A, Reich MR, TIkegami N, Hashimoto H, et al. Population ageing and wellbeing:
lessons from Japan’s long-term care insurance policy. Lancet. 2011;378(9797):1183—-1192.

Momose Y, Yamaguchi S, Okada A, Tkeda-Kurakawa K, Namiki D, Nannya Y, et al. Factors associated with
long-term care certification in older adults: a cross-sectional study based on a nationally representative survey
in Japan. BMC Geriatr. 2021;21:374.

Ministry of Health, Labour and Welfare [Internet]. Comprehensive Survey of Living Conditions 2022. Tokyo:
Ministry of Health, Labour and Welfare; 2023 [cited 2026 Jul 7]. Available from:
https://www.mhlw.go.jp/toukei/list/20-21.html

World Health Organization [Internet]. Dementia. Geneva: World Health Organization; 2025 [cited 2026 Jul
7]. Available from: https://www.who.int/news-room/fact-sheets/detail/dementia

Bharucha AE, Pemberton JH, Locke GR III. American gastroenterological association technical review on
constipation. Gastroenterology. 2013;144(1):218-238.

Lim J, Park H, Lee H, Lee E, Lee D, Jung HW, et al. Higher frailty burden in older adults with chronic
constipation. BMC Gastroenterol. 2021;21(1):137.

Rolland Y, Cesari M, Fielding RA, Reginster JY, Vellas B, Cruz-Jentoft AJ. Osteoporosis in frail older adults:
Recommendations for research from the International Conference on Frailty and Sarcopenia Research Task
Force. Journal of Frailty & Aging. 2021;10(2):149-166.

Hartvigsen J, Hancock MJ, Kongsted A, Louw Q, Ferreira ML, Genevay S, et al.; Lancet Low Back Pain
Series Working Group. What low back pain is and why we need to pay attention. Lancet.
2018;391(10137):2356-2367.

Fried LP, Tangen CM, Walston J, Newman AB, Hirsch C, Gottdiener J, et al. Cardiovascular Health Study
Collaborative Research Group. Frailty in older adults: Evidence for a phenotype. J Gerontol A Biol Sci Med
Sci. 2001;56(3):M146-M157.

Guralnik JM, Ferrucci L, Pieper CF, Leveille SG, Markides KS, Ostir GV, et al. Lower extremity function
and subsequent disability: Consistency across studies, predictive models, and value of gait speed alone
compared with the short physical performance battery. J Gerontol A Biol Sci Med Sci. 2000;55(4):M221—
M231.

Marengoni A, Angleman S, Melis R, Mangialasche F, Karp A, Garmen A, et al. Aging with multimorbidity:
A systematic review of the literature. Ageing Research Reviews. 2011;10(4):430-439.

Volpato S, Leveille SG, Corti MC, Harris TB, Guralnik JM. The value of serum albumin and high-density
lipoprotein cholesterol in defining mortality risk in older persons with low serum cholesterol. ] Am Geriatr
Soc. 2001;49(9):1142-1147.

Weverling-Rijnsburger AWE, Blauw GJ, Lagaay AM, Knook DL, Meinders AE, Westendorp RGJ. Total
cholesterol and risk of mortality in the oldest old. Lancet. 1997;350(9085):1119-1123.

E136


https://pubmed.ncbi.nlm.nih.gov/?term=Kamada+T&cauthor_id=32868929
https://pubmed.ncbi.nlm.nih.gov/?term=Sugiyama+E&cauthor_id=32868929
https://pubmed.ncbi.nlm.nih.gov/?term=Nishinakamura+H&cauthor_id=32868929
https://pubmed.ncbi.nlm.nih.gov/?term=Reich+MR&cauthor_id=21885099
https://pubmed.ncbi.nlm.nih.gov/?term=Ikegami+N&cauthor_id=21885099
https://pubmed.ncbi.nlm.nih.gov/?term=Hashimoto+H&cauthor_id=21885099
https://pubmed.ncbi.nlm.nih.gov/?term=%22Ikeda-Kurakawa%20K%22%5bAuthor%5d
https://pubmed.ncbi.nlm.nih.gov/?term=%22Namiki%20D%22%5bAuthor%5d
https://pubmed.ncbi.nlm.nih.gov/?term=%22Nannya%20Y%22%5bAuthor%5d
https://www.mhlw.go.jp/toukei/list/20-21.html
https://www.who.int/news-room/fact-sheets/detail/dementia?utm_source=chatgpt.com
https://pubmed.ncbi.nlm.nih.gov/?term=Lim+J&cauthor_id=33765938
https://pubmed.ncbi.nlm.nih.gov/?term=Park+H&cauthor_id=33765938
https://pubmed.ncbi.nlm.nih.gov/?term=Lee+H&cauthor_id=33765938
https://pubmed.ncbi.nlm.nih.gov/?term=Lee+E&cauthor_id=33765938
https://pubmed.ncbi.nlm.nih.gov/?term=Lee+D&cauthor_id=33765938
https://pubmed.ncbi.nlm.nih.gov/?term=Jung+HW&cauthor_id=33765938
https://www.sciencedirect.com/author/6602877967/alessandra-marengoni
https://www.sciencedirect.com/author/9745535100/rene-j-f-melis
https://www.sciencedirect.com/journal/ageing-research-reviews
https://www.sciencedirect.com/journal/ageing-research-reviews/vol/10/issue/4

	INTRODUCTION
	MATERIALS AND METHODS
	RESULTS
	DISCUSSION
	ACKNOWLEDGEMENT
	REFERENCES

