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1.   Toward a healthy life that suits each person

We believe that most people have a desire to avoid 
illness and live a healthy life in old age. However, 
19.7% of men and 10.8% of women are suspected of 
having type 2 diabetes, which is a lifestyle-related 
disease [1]. Moreover, the percentage of people aged 
75 and over who have been certified as requiring 
long-term care is 23.3%, and that number is increas-
ing yearly [2].

To prevent lifestyle-related diseases and the need 
for long-term care, it is necessary to recognize health 
risks as early as possible and consider what counter-
measures to implement. NTT aims to contribute to 
both these steps by using information and communi-
cation technology (ICT). To make people aware of 
health risks, we have been working on (i) predicting 
the risk of severe disease in diabetic patients by using 
medical information [3] and (ii) predicting the risk of 
developing lifestyle-related diseases by using the 
results of health checkups [4]. We are currently 
researching and developing technologies for helping 
people become aware of health risks and take coun-

termeasures.
To develop countermeasures, it is necessary to 

understand the relationship between the disease and 
risk factors such as a person’s unique characteristics, 
past medical history, and current lifestyle. In this 
article, our efforts to analyze the relationship between 
a person’s unique genomic data and lifestyle-related 
diseases as well as the relationship between cohort-
survey*1 data (including lifestyle habits) and locomo-
tive syndrome for preventing the need for long-term 
care are introduced. 

2.   Factor analysis according to 
individual characteristics

We first introduce our efforts regarding analysis of 
genome data. NTT and the Institute of Medical Sci-
ence of the University of Tokyo established the “Proj-
ect Division of Genomic Medicine and Disease  
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Prevention” in July 2019, which is a joint research 
project to elucidate disease-risk factors on the basis 
of genomic information and visualize desirable 
behaviors and lifestyles that prevent disease [5]. We 
are developing a database for collecting and analyz-
ing (i) genomic information obtained from genetic 
tests as well as (ii) health-checkup results and time-
series data about lifestyle habits of company employ-
ees who consented to participate in the research [6]. 
As a result of these developments, it will be possible 
to conduct research from two aspects; innate factors, 
such as individuals’ genomes, and acquired factors, 
such as the environment in which people live, that 
affect their health status. Within the framework of this 
collaborative research, NTT decided to analyze the 
characteristics of “superheroes” in regard to main-
taining health.

Superheroes in this context are people who, accord-
ing to their genetic information, have a high risk of 
lifestyle-related diseases but maintain their health 
without developing them. This is the model proposed 
by NTT Life Science, which is a provider of genetic-
testing services (Fig. 1). To find superheroes from the 
data, groups that are genetically at high risk or low 
risk of developing a disease are first divided on the 
basis of one or more single nucleotide polymor-
phisms (SNPs), i.e., differences in one base in the 
DNA base sequences of individuals that are related to 
the disease and already known from previous 
research. Other groups are divided on the basis of 
onset or non-onset of the disease. The general flow of 
data analysis is to analyze—by using a statistical 

method—whether there are any differences in data 
characteristics between combinations of these 
groups. If the physical condition and behavioral char-
acteristics peculiar to superheroes obtained from the 
analysis of data on the basis of genetic-test results and 
health-checkup results are applied, it will be possible 
to identify factors for maintaining health and provide 
advice for improving health and link those factors to 
effective behavior change and disease-risk aversion. 

By applying the risk-prediction technology for 
lifestyle-related diseases developed by NTT [4], it 
will be possible to predict the risk of disease onset 
and analyze factors according to the individual char-
acteristics of a person by using genetic information 
and time-series data of health-checkup results. Life-
style-related-disease risk-prediction technology 
makes it possible to predict the risk (probability of 
onset) until the onset of a disease by learning to rank 
that takes into account censored data. By combining 
the information from the risk-prediction model with 
the information on genetic disease risk, we believe 
that we can conduct a more detailed analysis of fac-
tors that contribute to health maintenance.

3.   Factor analysis considering lifestyle, etc.

We now introduce our efforts in preventing the need 
for long-term care. Preventing such a need is an 
important social issue in Japan’s “super-aged soci-
ety” because it not only reduces social-healthcare 
costs but also improves the quality of life of the  
caregivers and the cared-for. To prevent long-term 

Fig. 1.   “Superhero” model.
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care, we are working to elucidate the factors leading 
to long-term care and quantify risk by using the 
analysis technology and knowledge of medical and 
health data that we have accumulated thus far. To 
prevent the need for long-term care by using data 
analysis, data and medical knowledge concerning 
many elderly people are required. In April 2020, NTT 
established the Department of Preventive Medicine 
for Locomotive Organ Disorders at the 22nd Century 
Medical and Research Center of the University of 
Tokyo Hospital and began joint research.

In this joint research, we are investigating the 
causes of diseases related to the need for long-term 
care and intervention methods from data of about 
4400 people collected from a cohort survey conduct-
ed over 15 years. According to a survey conducted by 
the Ministry of Health, Labour and Welfare, dementia 
is the most common cause of the need for support or 
care [1]. However, the proportion of fractures, falls, 
and joint diseases, which are related to the decline of 
motor and mobility functions, exceeds that of demen-
tia, and the combination of both has become the larg-
est proportion. In this joint research, we are focusing 
first on the decline in motor and mobility functions. 

Locomotive syndrome is a concept that describes 
the decline in motor and mobility functions. Defined 
as “Locomotive syndrome means being restricted in 
one’s ability to walk or lead a normal life owing to a 
dysfunction in one or more of the parts of the muscu-
loskeletal system – muscles, bones, joints, cartilage, 
or the intervertebral discs” [7], it is an important con-
cept regarding preventing the need for long-term 
care. Locomotive syndrome is classified using an 
index called the locomotive syndrome risk level from 
1, least severe, to 3, most sever [7]. It is determined 

from the results of a stand-up test, a two-step test, and 
the “Locomo 25”*2 test (Fig. 2). For example, if one 
cannot stand up with one leg after sitting on a chair 
with a height of 40 cm, your locomotive syndrome 
risk level is deemed as 1. This result means their 
mobility function has begun to decline.

Although locomotive syndrome is an important 
concept regarding preventing the need for long-term 
care, awareness of it is currently around 43.8% [8]. In 
particular, younger generations are active and less 
likely to feel the risk of locomotive syndrome. How-
ever, we believe that identifying the risk of decline in 
mobility function from a young age and making early 
behavioral changes can reduce the risk of locomotive 
syndrome and ultimately reduce the risk of requiring 
long-term care. Therefore, to make it easier for many 
people to understand the risk of locomotive syn-
drome, we constructed a model for predicting future 
locomotive syndrome risk level by analyzing a large 
amount of data obtained from a cohort survey and 
implemented it in a research application (Fig. 3). By 
answering about 20 questions about age, weight, 
lifestyle-related topics via the app, users can predict 
their risk of having the locomotive syndrome risk 
level of 1 or higher in the next three years.

In a typical cohort survey, more than 1000 analytic 
elements are collected from health checkups and 
questionnaires completed by participants. In general, 
prediction accuracy will be higher if many factors are 
used in the analysis. Regarding our study, prediction 
accuracy will be higher if all the elements of the 
cohort survey are used. However, from the standpoint 

Fig. 2.   Locomotive syndrome risk test.
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of the users of the application, we thought it would be 
better to obtain risk-prediction results by having them 
answer as few questions as possible. We therefore 
focused on the usability of the application and built a 
model that can predict the risk of locomotive syn-
drome with fewer elements while maintaining predic-
tion accuracy (Fig. 4).

The necessary elements were optimized in accor-
dance with the correlation among them. For example, 
when elements that were strongly correlated, such as 
diastolic blood pressure and systolic blood pressure, 
the element with the lower correlation with the loco-
motive syndrome risk level, which is the prediction 

target, was deleted. Therefore, the need for users to 
answer similar questions was eliminated, and the 
ability to efficiently enter the information required 
for prediction was improved. Next, about 20 elements 
that had a large correlation coefficient with the loco-
motive syndrome risk level were extracted as the ele-
ments that were input into the application. Using the 
correlation coefficient makes it possible to under-
stand which behavior among the extracted elements 
contributes to the increase in the locomotive syn-
drome risk level and to take measures to prevent 
locomotive syndrome. Finally, a multi-layer neural 
network that predicts the locomotive syndrome risk 

Fig. 3.   Screen of app for predicting the locomotive syndrome risk level.
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level by using deep learning was trained, and a pre-
diction model based on that network was built. It thus 
became possible to predict the locomotive syndrome 
risk level with a certain degree of accuracy even in the 
case of a small number of elements. Since the trained 
prediction model can be incorporated into the app and 
easily executed on a personal computer or smart-
phone, risk can be predicted even during a health 
checkup, for example.

The elements that were narrowed down included 
those related to exercise habits as well as questions 
related to pain. We were able to find elements that 
were not considered medically important thus far and 
confirm the value of analysis from this cohort survey 
data. In the future, we will verify the effectiveness of 
implementing health education via the app to prevent 
the need for long-term care.

4.   Future of health support using ICT

In this article, taking lifestyle-related diseases and 
prevention of long-term care as examples, risk pre-
diction and its factor analysis were introduced. We 
believe that predicting the future through machine 
learning and artificial intelligence will trigger a 
review of people’s current behavior. We also believe 
that analyzing the factors that can change the future 
will help people change their behavior. We expect 
that from now onwards, various medical and health-
related information—such as electronic medical-
record data, healthcare data such as blood pressure 
measured daily, and biological information measured 
using wearable devices—will be collected. Each 

piece of data can only represent a part of a person’s 
overall health status; however, by connecting those 
data, it becomes possible to understand the person 
from multiple perspectives. As a result, we believe 
that by fusing and analyzing large-scale data and 
medical knowledge, we can simulate complex events 
occurring in the body and reproduce them in digital 
space. In the future, we want to (i) contribute to 
developing the bio-digital twin, which will make it 
possible to simulate an entire person, by developing 
technologies related to risk prediction and (ii) make it 
possible to predict unknown events in the body and 
understand complex events. 
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