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Analyzing health status using questionnaires:
Assessment of glucose metabolism status and water intake*

Tomoki Uchida
Abstract

Increasing national medical expenses in a super-aging society is a severe issue. Therefore,
everyone should monitor their own health status and prevent disease. Then, a simple method
to assess health status is needed. This study addressed the following two challenges.

The first was water intake assessment. Maintaining adequate water intake is essential for
physical and mental health. Then, a previous study validated a descriptive dietary record
method to assess water intake. However, the challenge with this method was that it took much
time to fill out the dietary survey and re-input the written text data into numerical data.
Therefore, we aimed to establish a simpler method: the selective recall method. In a clinical
trial, participants recorded the food and beverages consumed via a multiple-choice
questionnaire. Then, we multiplied the obtained data by the water conversion factor for
cooking to calculate water intake. At the same time, we assessed the same water intake by
the descriptive dietary record method. As a result, there was a strong correlation between the
water intakes by the two methods (r = 0.94, p < 0.0001). In addition, water intakes by the two
methods from non-alcoholic beverages (r = 0.94, p < 0.0001), alcoholic drinks (r = 1.00, p <
0.0001), and food (r=0.72, p < 0.0001) were also strongly correlated. Therefore, the selective
recall method was shown to assess water intake accurately.

The second was identifying glucose metabolism status. Worldwide, 463 million people have
diabetes. It is necessary to understand one’s glucose metabolism status to take appropriate
measures to prevent diabetes. Therefore, we aimed to identify the glucose metabolism
statuses using a questionnaire. In a clinical trial, participants underwent an oral glucose
tolerance test (OGTT) and completed a lifestyle and physical characteristics questionnaire.
In the OGTT, participants intake 75 g glucose solution. Then, blood glucose and insulin
levels were measured before and 30, 60, 90, and 120 minutes after glucose intake. We
classified them into four glycometabolic categories based on the OGTT results: category 1:
best glucose metabolism, category 2: low insulin sensitivity, category 3: low insulin secretion,
and category 4: low insulin sensitivity and secretion. We developed machine learning models
using questionnaire responses to identify the glycometabolic category. As a result, the AUCs



to classify category 1 and others, 2 and others, 3 and others, and 4 and others were 0.68
(95%CI: 0.62-0.75), 0.66 (0.58-0.73), 0.61 (0.51-0.70), and 0.70 (0.62—-0.77). Furthermore,

several selected variables were new lifestyle factors related to glucose metabolism status that
have not been reported.
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1 Introduction
1.1 Background

Japan is a super-aging society, with 29% of its population aged 65 and over [1]. Accordingly,
national medical expenses in 2021 were 44 trillion yen and are expected to increase [2]. In
the future, it may be challenging to maintain the current health and medical social systems.
Traditionally, health conditions were examined at hospitals, and diseases were detected and
cured. While from now on, everyone, including those who don't have a disease, should
monitor their own health status and prevent disease. Therefore, a method of assessing health
status is required, which does not need specialized equipment, skills, or knowledge on the
part of the user. Thus, this study addressed the following two issues. The first is water intake
assessment. A simple method of assessing water intake helps maintain adequate water intake.
It is essential for physical and mental health. The second is identifying glucose metabolism
status. It is required to implement appropriate measures to prevent diabetes. Previous studies
suggest that both indicators are predictable from dietary and lifestyle surveys. Therefore, we
utilized questionnaires for these assessments. The questionnaires are simple and can be
answered on the spot. Therefore, they can be helpful for the general public to understand
their health status and prevent disease.

1.1.1 Importance of assessing water intake

Water constitutes 60% of the human body and is a vital component of life [3]. Water is
essential for maintaining homeostasis; it is a medium for delivering oxygen, nutrients, and
hormones throughout the body [4]. It takes part in biochemical reactions inside the cells and
contributes to temperature regulation [5]. Hence, adequate water intake is essential for
physical and mental health. Inadequate water intake increases the risk of renal and
cardiovascular diseases and contributes to metabolic diseases [6-8]. A randomized clinical
study examined the effects of increasing water intake by 1.1 L/day for 12 weeks in healthy
adults. The study resulted in decreased systolic blood pressure, increased basal body
temperature, reduced blood urea nitrogen concentration, suppressed reduction of the
glomerular filtration rate, and changes in the intestinal microbiome [9]. In addition, water
intake affects mood and cognitive function [10-12]. Therefore, there is a need for an accurate
and simple method to assess daily water intake. It helps people to intake an adequate amount
of water and maintain their health. Furthermore, a simple validated method can be used for
epidemiological studies of the relationship between water intake and health.



1.1.2  Importance of identifying glucose metabolism status

The number of people with diabetes is increasing globally. 463 million people worldwide
had diabetes as of 2019, and this is estimated to rise to 700 million by 2045 [13]. Fortunately,
however, lifestyle modifications and pharmacological interventions can reduce the risk of
developing diabetes [14-18].

Insulin is a hormone produced in pancreatic B-cells that lowers blood glucose levels. When
blood glucose levels rise, insulin promotes the uptake of glucose in the blood into the whole-
body tissue. As a result, blood glucose levels drop to normal. Therefore, decreased insulin
sensitivity and impaired insulin secretion play significant roles in the pathogenesis of
diabetes [19, 20]. Currently available data suggest that decreased insulin sensitivity is
primarily due to obesity and low muscle mass, whereas impaired insulin secretion is mainly
due to aging and genetic factors [21-24]. Hence, it is essential for individuals without diabetes
to understand their glucose metabolism status, i.e., insulin sensitivity and insulin secretion.
Then, it is necessary to take appropriate measures to prevent diabetes that suit each status.

The oral glucose tolerance test (OGTT) is a standard method for measuring glucose
metabolism. It is also used for diagnosing diabetes and pre-diabetes [25]. In this test, a patient
is loaded with glucose solution, and multiple blood samples are drawn to measure changes
in blood glucose levels. While because of its laboriousness and invasiveness, it is rarely
performed on individuals without diabetes. Therefore, there is a need for a method to identify
glucose metabolism status more easily than OGTT.

1.2 Previous studies and their problems
1.2.1  Water intake assessment

A descriptive dietary record method is one of the most accurate diet survey methods. It needs
subjects to describe all food and beverages consumed and their amounts [26-28]. A 24-hour
dietary recall method is also an international standard method. In this method, an investigator
asks subjects how much food and beverages they have consumed in the past 24 hours [28,
29]. These methods can accurately calculate water intake from beverages. In comparison, the
diet survey data alone cannot calculate water intake from food. A comprehensive database
of the water content of various dishes is needed to calculate it. Food and Nutrient Database
for Dietary Studies by the U.S. Department of Agriculture provides the nutrient and water
content of various foods consumed in the United States [30]. This database and these diet
survey methods have been used to assess water intake in the National Health and Nutrition
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Examination Survey in the United States [31]. However, the challenge with this method is
that it takes time to write down the participants' diet surveys or interviews. In addition, it is
necessary to convert the text data of the diet survey into numerical data [26-29].

Cooking involves various processes, such as boiling, baking, frying, and steaming. Thus,
there are many variations of dishes in different countries and regions. Therefore, water intake
analysis, including food intake, has rarely been reported [32]. Japan has unique dietary habits
compared with other countries. Traditional Japanese food consists of cooked rice, soup, and
side dishes, including the main dish of meat or fish and other dishes of fresh vegetables or
simmered food. Therefore, previously, only one study assessed habitual water intake in
Japanese people [33]. However, the challenge of this study was to calculate water intake
based on the water content of ingredients rather than dishes. Thus, changes in the water
content of dishes due to cooking may have been ignored. Therefore, Murakami et al. [34]
established the database of water conversion factor for cooking (WCFC) for Japanese food,
which accounts for the effect of cooking on the water content of food. Then, combining this
WCFC with the descriptive dietary record method, they developed the method to calculate
total water intake from food and beverages [9]. However, the descriptive dietary record
method is not well suited to large-scale epidemiological studies because collecting
participant responses and interpreting data are time-consuming processes [26, 27].

In this thesis, we aim to develop a simpler web-based method of assessing water intake. No
previous study on water intake assessment took such an approach. Alternatively, previous
studies on dietary surveys have worked on making questionnaires web-based and simplifying.
The web-based dietary surveys did not merely replace existing methods but had various
advantages. One of the most significant advantages was automatically calculating nutritional
values from input data [35]. In the web-based method by Subar AF, participants reported
their meals through searching or browsing for foods in a hierarchical list. Braekman E et al.
[36] compared the results of the paper-and-pencil questionnaire and the web-based
questionnaire. They found that the web-based questionnaire had fewer errors and missing
data due to the alert function. Furthermore, simplified questionnaires were developed to
reduce the effort of respondents and researchers. Hotz C et al. [37] generated a list of
commonly consumed foods and portion sizes appropriate to their survey region. They
narrowed the list of commonly consumed foods by interviewing randomly sampled subjects
and key informants knowledgeable about local foods. Portion size distributions were also
calculated through interviews and market products survey. Such a list is helpful as choices
for the questionnaire. Yamaoka K et al. [38] developed a self-administered semi-quantitative
food frequency questionnaire for the nutritional education of patients with diabetes. The



questionnaire choices consisted of 65 foods based on a food substitution table for diabetes
patients. Taru C et al. [39] developed a simple dietary questionnaire for estimating energy
intake. To assess energy intake particularly accurately, they subdivided the staple food and
confectionery options and added an option for sweetened beverages. Sasaki et al. [40, 41]
developed a brief-type self-administered diet history questionnaire to assess the nutrient
amount habitually consumed. It was designed to assess habitual nutrient intake rather than
dietary intake over specific days. Therefore, for example, a question item on the intensity of
the dish's flavor was included to assess salt intake. In summary, choice-based questionnaires
are less accurate compared to open-ended questionnaires due to their lower information
content. Therefore, the questionnaire options should consist of dishes commonly consumed
in the region. Using options with a high contribution to the evaluation index is also necessary.

1.2.2  Pre-diabetes screening

Methods of screening for pre-diabetes using laboratory values and questionnaires have been
developed. Table 1.1 reviews the important recent studies on pre-diabetes screening tools.

De Silva et al. [42] identified predictors of individuals with high fasting plasma glucose
level (FPG), high hemoglobin Alc (HbAlc), or high plasma glucose level during OGTT.
Combined use of feature selection and machine learning, including random forests (RF),
gradient boosting machine (GBM), logistic regression (LR), and artificial neural network
(ANN), selected 25 socio-economic, clinical, and biochemical factors. They used the
National Health and Nutrition Examination Survey (NHANES) dataset. However, it may
incur effort and cost due to the large amount of input data required for screening.

Birk et al. [43] developed a tool for screening individuals with high FPG using the Global
Diet Quality Score and lifestyle questionnaire responses. In this study, RF, generalized linear
mixed model (GLMM)), least absolute shrinkage and selection operator (LASSO), and elastic
net (EN) were used. They showed that dietary factors were important for pre-diabetes
screening. However, well-trained interviewers were needed to obtain dietary information in
the Global Diet Quality Score.

Abbas et al. [44] reported a risk score for screening individuals with high HbAlc. They
used only non-invasively measured factors, including age, sex, BMI, waist circumference,
and blood pressure. The algorithms utilized RF, GBM, XGBoost (XGB), LR, and deep
learning (DL). Moreover, Dong et al. [45] developed a risk assessment model to detect
individuals with high FPG and HbAlc. Eight non-invasively measured risk factors were
selected, including age, BMI, waist-to-hip ratio, systolic blood pressure, waist circumference,
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sleep duration, smoking, and recreational activity time. The XGB model showed superior
performance than the LR model. The study characteristically used indicators of sleep and
exercise in addition to clinical factors. However, in these two studies, the screening target
did not include individuals with high blood glucose levels after glucose loading. In addition,
some of the factors could not be evaluated on the spot and may require laboratory data.

Tian et al. [46] developed a risk score for pre-diabetes and diabetes using questionnaires
and blood test results using the LR model. The factors are age, sex, BMI, smoking, FPG,
fasting plasma triglyceride level, and history of high FPG. However, research participants
were limited to the staff of an oil field in China. Furthermore, invasive measurement factors
were required for screening.

Shen et al. [47] analyzed the association between dietary patterns and pre-diabetes risk using
the validated semi-quantitative food frequency questionnaire. Multivariate logistic regression
analysis showed that the dietary Western pattern score and grains-vegetables pattern score
predicted pre-diabetes risk. However, clinical and anthropometric measurements were also
needed for adjustment. In addition, well-trained interviewers were required to obtain dietary
information. In these previous studies, machine learning models were used more often than
ANN, which is less interpretable, to analyze the relationship between those factors and the
pathogenesis of pre-diabetes.



Table 1.1 Review of the important recent studies on pre-diabetes screening.

E‘:' Screening targets |Factors Models | Tool challenges

42 |FPG 100-125|25 socio-economic, | RF, Invasive measurement factors
mg/dL, 120 mPG |clinical, and biochemical|GBM, were required for screening.
100-125 mg/dL, |factors LR, and
and HbAlc 5.7 ANN
6.4%

43 |FPG>100 mg/dL |Global diet quality score,|RF, Well-trained interviewers were
age, smoking, alcohol|GLMM, |needed to obtain dietary
drinking, unable to walk,|LASSO, |information.
use of rations card, and time |and EN
spent in sedentary activities

44 |HbA1c5.7-6.4% |Age, sex, BMI, waist|RF, Lack of individuals with high
circumference, and blood |GBM, blood glucose levels from
pressure XGB, screening targets.

LR, and|Some of the factors could not be

DL answered on the spot and may
require the linkage of the
laboratory data.

45 |FPG 110-125|Age, BMI, waist-to-hip| XGB and|Lack of individuals with
mg/dL and |ratio, systolic blood | LR hyperglycemia after glucose
HbAlc 5.7-6.4% | pressure, waist loading from screening targets.

circumference, sleep Some of the factors could not be
duration, smoking, and answered on the spot and may
vigorous recreational require the linkage of the
activity time laboratory data.

46 |FPG>110mg/dL|Age, sex, BMI, smoking, |LR Research  participants  were
and 120 mPG >|FPG, fasting  plasma limited to staff in an oil field in
140 mg/dL triglyceride  level, and China.

history of high FPG Invasive measurement factors
were required for screening.

47 |FPG 100-125 | Semi-quantitative food LR Well-trained interviewers were
mg/dL, HDbAlc|frequency  questionnaire needed to obtain dietary
5.7-6.4%, and |answers and clinical and information.

120 mPG 140-|anthropometric Invasive measurement factors
199 mg/dL measurements scores were required for screening.




Furthermore, these previous studies had common challenges. As described in Section 1.1.2,
it is crucial to understand one’s glucose metabolism status, i.e., insulin sensitivity and
secretion, to take appropriate measures to prevent diabetes that suit each status. However,
pre-diabetes present overlapping pathophysiology. It exhibits both decreased insulin
sensitivity and impaired insulin secretion [48, 49]. Therefore, another screening category
may be required to clearly distinguish between decreased insulin sensitivity and secretion.

1.3 Approaches in this thesis
1.3.1 A selective recall method for assessing water intake

We aim to validate a selective recall method for assessing water intake from both food and
beverages in Japanese people. In a clinical trial, we assess participants' water intake by the
selective recall method and an established method, the descriptive dietary record method.
The validity of the selective recall method is verified by showing the correlation between the
water intakes from the two methods. In addition, we analyze the relationship between water
intake and hydration status by urinalysis.

The new method requires less labor for participants than the descriptive dietary record
method. In the selective recall method, participants record food and beverages consumed via
a multiple-choice questionnaire on Google forms. On the other hand, in the descriptive
dietary record method, participants fill out a paper-based questionnaire for all food and
beverages consumed. Furthermore, the new method reduces much labor for researchers. The
selective recall method automatically calculates water intake by multiplying the ingested
food and beverage data by the respective water content [34]. On the other hand, the
descriptive dietary record method must require well-trained dietitians to manually enter the
paper-based questionnaire results into the calculation software [28].

1.3.2 Identifying glucose metabolism status in non-diabetic Japanese
adults using machine learning models with a simple questionnaire

We aim to identify the glucose metabolism status of non-diabetic Japanese adults using
machine learning models with a questionnaire. We use clinical trial data of Japanese adult
volunteers. In the clinical trial, we perform OGTT on the participants to identify their precise
glucose metabolism status. Participants also complete a questionnaire about lifestyle and
physical characteristics. Then, we develop machine learning models with questionnaire
responses as explanatory variables and glucose metabolism status as objective variables.
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Decision tree, support vector machine, random forest, and XGBoost are developed. Their
performances are evaluated and compared. In addition, we search for new lifestyle factors
related to glucose metabolism status based on the importance of the factors in the developed
model.

1.4 Contribution of this thesis

In water intake assessment, this study has two unique contributions:

This is the first study to validate a selective recall method for assessing Japanese people's
water intake from both food and beverages. This method makes assessing water intake
more accessible than previous methods.

Using this method, we report for the first time the accurate habitual water intake of the
Japanese. In addition, we report the relationship between water intake and hydration
status by urinalysis.

In identifying glucose metabolism status, this study has three unique contributions:

The model's factors include only lifestyle and physical information that can be answered
on the spot. Because invasive measurement or excessive factors are not needed, it can be
easily and widely used by the general population.

Through cross-sectional analysis of glucose metabolism status and lifestyle
questionnaire, we discover new lifestyle factors related to glucose metabolism status.

We identify glucose metabolism status rather than pre-diabetes. Glucose metabolism
status of non-diabetic individuals can be classified into four categories based on OGTT
results [50]. Each category has clearly different characteristics of insulin sensitivity and
secretion: category 1 — best glucose metabolism, category 2 — low insulin sensitivity,
category 3 — low insulin secretion, and category 4 — combined characteristics of both
categories 2 and 3. Then, in this study, we develop a model to identify these four
categories of glucose metabolism status. It can clearly distinguish between decreased
insulin sensitivity and secretion.

1.5 Outline of this thesis

In Chapter 2, we develop and validate a selective recall method to assess water intake. In
addition, we will analyze the relationship between participants’ habitual water intake and
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hydration status. In Chapter 3, we identify the glucose metabolism statuses of non-diabetic
Japanese adults using machine learning models with a questionnaire. In Chapter 5, we
summarize the overall results and discuss existing limitations and future works.



2 A selective recall method for assessing water intake

2.1 Methods
2.1.1 Data collection

In this observational cross-sectional study, participants aged 20 to 64 were recruited from
employees working at the Suntory World Research Center (Kyoto, Japan). 32 participants,
comprising eight men aged 20 to 44 years (young men group), eight women aged 20 to 44
years (young women group), eight men aged 45 to 64 years (middle-aged men group), and
eight women aged 45 to 64 years (middle-aged women group), were included (figure 2.1).
The rationales for the sample size are as follows [51]: 21 participants are required to achieve
a correlation coefficient of 0.7 at power = 0.85 and a. = 0.01.

As the survey days, participants were assigned four days within the study period, including
three working days and one non-working day. On the day after each survey day, participants
were asked to (1) collect first-morning urine, (2) answer the selective recall method
questionnaire, (3) fill in the descriptive dietary record method questionnaire, and (4) answer
the other questionnaire on daily life and background information. The selective recall method
questionnaire was submitted in Google forms, and the participants could not correct it once
submitted. The two methods were performed on the same day consecutively to minimize
recall bias and compare water intake calculated from each method.

This study was conducted in accordance with the guidelines in the Helsinki Declaration (as
revised by the Fortaleza General Meeting of the World Medical Association, Brazil, 2013).
All participants provided written informed consent. This study complied with the Ethical
Guidelines for Medical Research Involving Human Subjects (2014 Ministry of Education,
Culture, Sports, Science and Technology and the Ministry of Health, Government of Japan,
Labour and Welfare Ministerial notification No. 3). The ethics committees of Suntory
Holdings Limited approved all procedures. The study was registered at the University
Hospital Medical Information Network-Clinical Trials Registry (UMIN-CTR).
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Recruitment

8 young men, 8 young women, 8 middle-aged men, and 8 middle-
aged women participated on a first-come, first-served basis.

I
Consent obtained (n = 32)
'
Survey (n = 32)
Any 4 days, including 3 working days and 1 non-working day, out
of the specified 7 days were set as the target dates for the survey.

The day after each target date of the survey, participants
completed the assessments in the following order:

1. Collect urine sample
2. Answer selective recall method questionnaire
3. Fill in the descriptive dietary record method questionnaire
4. Answer the other questionnaires
v
Completion (n = 32)
v

Analysis (n = 32)

Figure 2.1 Flowchart of the clinical study.

2.1.2 Water intake calculated from a selective recall method

The questionnaire for beverages accounted for the following items: water, tea, coffee, milk
beverages, and other beverages. The intake times were recorded as (1) from waking up to
breakfast, (2) at breakfast, (3) from breakfast to lunch, (4) at lunch, (5) from lunch to dinner,
(6) at dinner, (7) from dinner to 30 min before bedtime, (8) 30 min before bedtime, and (9)
from bedtime to waking up. The amount consumed was selected from five options:
approximately 100 mL, 200 mL, 350 mL, 500 mL, and more than 700 mL.

For alcoholic beverages, the participants chose beer, whiskey, sake, shochu, wine, chuhai
(a fruit-flavored carbonated alcoholic beverage), sour, and other alcoholic beverages.
Participants did not provide an answer to this question if they did not drink any alcoholic
beverages. The quantity options were set to five easy-to-understand amounts, considering the
commercial beverage products and cups.

For food, the participants chose the amount of 40 food categories consumed. These items
were based on the frequently consumed food from approximately 2.3 million dishes, reported
by ~28,000 people in the Japanese application FoodLog (foo.log Inc., Tokyo, Japan). Intake

options were: 0.5, 1, 1.5, and more than 2 servings. The intake times were recorded as for (1)
11



breakfast, (2) lunch, (3) dinner, and (4) nighttime/others. Table 2.2 shows the 40 food
categories, approximate one-person servings, and water contents (mL per one-person serving).

The survey data of non-alcoholic and alcoholic beverages were multiplied by each water
content to calculate the water intake. These water contents per 100 g were obtained from the
Standard Tables of Food Composition in Japan 2010 (table 2.1).

The food survey data was multiplied by the WCFC to calculate the water intake. Each
cooked dish's water content was calculated by multiplying the raw ingredients' water content
[52] by a cooking factor. The median water content of the dishes in each food category was
used as the water content for the category. Metabolic water was included in the water content
of food. It was calculated using a standard method based on the number of carbohydrates (g),
proteins (g), and fat (g) in the food [53].

Table 2.1 Water content coefficients for non-alcoholic beverages and alcoholic beverages.

Tvoe Catedor Water content
yp gory (mL per 100 g)
Tea 99.7
| Water 100.0
Non-alcoholic Coffee 935
beverages
Milk beverage 86.8
Other Non-alcoholic beverages 88.8
Beer 91.2
Whiskey 90.0
Rice wine (sake) 83.1
Alcoholi
COnOte - Thochu 85.2
beverages
Wine 88.7
Chuhai and sour 81.8
Other alcoholic beverages 85.4
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Table 2.2 Water content coefficients for food categories.

Water content

Type Category [one-person serving] (mL per one-
person serving)

Rice ball [1 piece] 96.2
Rice porridge, boiled rice with tea, rice and vegetable porridge, and
risotto [1 bowl] 2719
Rice boiled with added ingredients [1 bowl] 172.8

Rice dishes | Boiled rice (white rice, unpolished rice, barley rice, etc.) [1 bowl] |113.9
Fried rice, pilaf, omelette with rice [1 dish] 169.0
Sushi [1 dish: around 7 pieces] 201.7
Rice bowl with a topping [1 bowl] 334.0
Curry and rice, hashed meat and rice [1 dish] 509.5
Bread [1 slice] 48.4

Bread Bread roll, croissant [1 piece], French bread [1 slice] 26.4
Confectionary, dressed bread, hamburger [1 dish], pizza [1 slice] |97.9
Cup noodles (ramen, udon, soba) [1 cup] 335.1
Ramen noodles (with broth) [1 bowl] 770.1
Udon, soba noodles (with broth) [1 bowl] 631.8

Noodle Udon, soba, somen, cold noodles (dipping soup) [1 bowl] 345.9

dishes and - - -

others Pasta, spaghetti, gratin [1 dish] 258.3
Yakisoba, yaki udon [1 dish] 295.8
Food made from flour (okonomiyaki, takoyaki, etc.) [1 dish] 308.8
Cereal [1 dish] 222.0
Soup (miso soup, soup, etc.) [1 bowl] 175.7

Soups Stew [1 dish] 306.0
Hot pot [1 dish] 367.1
Simmered food (main dish: meat and potato stew, pot-au-feu, etc.) 185.3

Side dishes |[1 dish]

to Simmered food (side dish: braised dried daikon, hijiki salad, etc.) [1 88.7

accompany | dish]

rice Fried food [1 dish] 37.8
Grilled food (grilled fish, grilled meat, fried egg, etc.) [1 dish] 84.9
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Stir-fried food (stir-fried vegetables, mapo tofu, scrambled egg, etc.)
. 83.0
[1 dish]
Boiled/steamed food (steamed vegetable, boiled egg, steamed meat
. . 80.4
dumpling, etc.) [1 dish]
Raw food (sashimi, natto, cold tofu, cod roe, etc.) [1 dish] 57.2
Salads and raw vegetables [1 dish] 104.7
Vinegared food [1 dish] 87.2
Boiled greens with soy sauce [1 dish] 69.5
Pickles [1 dish] 17.0
Cheese, dried fruit, and nuts [1 dish] 6.9
Fruit (mandarin orange, apple, etc.) [1 dish; half an apple] 102.5
Fruits, Small fruit (strawberry, grape, etc.) [1 dish; around 5 pieces] 63.5
sweets, and — - -
snacks Yogurt, set custard pudding, jelly, popsicle [1 piece] 99.5
Cake, sweet pie, tart [1 piece] 71.0
Japanese confectionary [1 piece] 40.1

2.1.3  Water intake calculated from a descriptive dietary record method

Participants completed a paper-based descriptive dietary record method questionnaire for
food and beverages consumed. Figure 2.2 shows an example of filling out the descriptive
dietary record method questionnaire that was distributed to the participants. Dietitians
inputted the data from the completed questionnaire into the original nutritional calculation
software (foo.log.Inc., Tokyo, Japan). Then, the dietary and beverage intake data was
multiplied by each WCFC to calculate the total water intake.
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Date of entry:

ID No. 00

Time of day I

Name of dish or beverage

Quantity

I Name of ingredients, products, etc.

1) After rising
(between rising and breakfast)
* between riang and 30 min after reng If
xeakfast ot eaten

"
Water o,

2) At breakfast b

(O7:00)

Toast
Fried egg on ham
Vegetable salad
Seaweed (wakame) soup
Cow's milk (low-fat)

1 medium
1 bowl
200 mL

3) In the morning
(between breakfast and lunch) |

Water

Canned coffee

300 ml
190 ml

2000 Include number of
Include seasoning
Include tap slices in halt-loaf used during the meal
water ) o) /_D/
2 slices Bread (6 sclice half loafl, margarine, jam (o]

1 ese 1 Riece of ham
1

Include enough

detail so amount
is known if some
soup left behind

)

[}
Ham. egs. soy sauce 9

Lettuce, tomato, cucumber, French dressing

Seaweed (wakame), green onion (negi,
Include product name or
manufacturer name if a

commercial product

Okudaisen Natural Mineral Water o0

Low sugar coffee (XX Beverages, 185 g)

5) In the afternoon
(between lunch and evening

meal)
« From midkdey 10 evening meal if no unch eaten |

+ From 30 min after rising 1o lunch if no breakfast| Candy 2 pieces XX candy (xx candy maker)
Rice ball 2 pieces Boiled rice. seaweed (nori, pickled plum, salmon
Japanese omelette 2 slices Ege. crab stick
Deep-fried chicken 2 pieces Chicken (thigh meat) Include the main
4) At lunch : ingredients of the dish

Cherry tomato 2 pieces

(12:00) 509

o Potato salad 1 small bowl Potato, carrot, cucumber, ham
o |
" .
Use 24-hour oghurt 1 serving Jam
clock

Cream puff 1 piece Purchased at XXXXmart
Coffee (black) 400 mL

Include how much of the
broth was consumed, such
as “drank all the broth™ or
“left behind half the broth”

Use multiple lines
if not enough
space available

Chinese noodle, barbequed pork, seasoned bamboo

6) At evening meal

(19:00)

Include
alcoholic drinks

7) In the evening
(between evening meal and 30
min before bedtime)

* From 3 hours before bedbme 1o 30 min befare.
bedtime if no evening meal eater

Yo

8) Before bed
(between 30 min before
bedtime and bedtime)

If ice was added to a _\
beverage, include "with ice” > —"

Soy sauce ramen 1 bowl! o shoots (menmal, processed fish paste (naruto), green
() onion (negil
Left behind half the broth (dined out at XX)
Boiled rice 1 rice bowl White rice %
Dumpling (gyoza) 6 pieces °o Include name M}
Yellow pickled radish 2 slices 9—(“/\"—\\ fostawant ¥ dining ot
e ]
0° Boor % 700 ml Include if "small
q - portion” or "large
Include pickled portion”
and cured dishes
fa
Water 100 mL
Barley tea (with ice) 250 mL

Water

100 mL

9) Nighttime
(between bedtime and rising)

Figure 2.2 Example of filling out the descriptive dietary record method questionnaire.

2.14

Other survey items

Participants' first-morning urine was collected on the next day of each survey day. Urine
osmolality, the concentration of aquaporin 2 (AQP2), creatinine (Cre), sodium, and
potassium were measured. Osmolality was measured using the freezing point depression
method. AQP2 was measured using the enzyme-linked immunosorbent assay (Otsuka
Pharmaceutical Co., Ltd., Tokyo, Japan). Cre was measured using the enzymatic method.
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Sodium and potassium were measured using the electrode method. The measurements were
carried out by LSI Medience Co. (Tokyo, Japan). AQP2/Cre, an index of renal water
reabsorption, was calculated. 24 h urinary sodium excretion was calculated using the
following Tanaka method formula [54].

24 h urinary sodium excretion (g/day)

10 X sodium (mEq/L) i . ) 0-392
=21 8( — X predicted creatinine excretion *)
creatinine (mg/dL)

* Predicted creatinine excretion (mg/day)
= 14.89(weight (kg)) + 16.14(height (cm)) — 2.04(age) — 2244.45

The number of toilet visits on the survey day was assessed via a questionnaire. Participants
also self-reported their gender, age, height, and weight on a background information form.
BMI was calculated using the formula.

BMI = weight (kg)/height (m)?

2.1.5 Statistical Analysis

Correlation analysis was performed using simple linear regression analysis for the water
intakes calculated from the selective recall method and the descriptive dietary record method.
The mean of each participant's water intake over the four-days was used in the correlation
analysis of the two methods. Pearson's correlation test was used to calculate the relationships
between the data. Williams's test was applied for the difference between two dependent
correlations that share one variable [55]. A p-value < 0.05 was considered to indicate
statistical significance. Data aggregation and statistical analysis were performed using
Microsoft Excel 2013, JMP ver. 14.0.0 (SAS Institute Inc., Cary, NC, USA), and R ver. 4.0.1
(R Foundation for Statistical Computing, Vienna, Austria).

2.2 Results
2.2.1  Participant characteristics
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All participants completed the study. Table 2.3 shows the baseline characteristics and survey
results. The mean total water intake of all participants from the selective recall method was
2949 mL/day. The mean total water intake of all participants from the descriptive dietary
record method was 2970 mL/day. The mean number of night-time toilet visits was 0.1 times
per night. Since the urine samples were collected immediately after waking up, the number
of night-time toilet visits may affect the urinalysis results. However, in the result, the mean
number of night-time toilet visits during bedtime was 0.1 + 0.3 times/night. Therefore, its
effect on urinalysis parameters was negligible.

Table 2.3 Baseline characteristics and water intake of the participants.

. Middle-
All Young Young Middle- . :addd ¢
Parameter (n=132) men women aged men V\?omen
=8 |0=8 |0=8 | g
Age (years) 42.1(12.6) (33.3(6.1) |28.1(2.9) |55.4(5.5) |[51.6(4.0)
Baseline Height (cm) 167.1 (8.1) |172.4 (3.8) |160.5 (6.1) |174.3 (5.4) |161.3 (5.0)
characteristic | Weight (kg) 59.3(9.8) [63.1(8.9) |50.0(4.9) |69.4(6.3) [54.8(4.7)
BMI (kg/m?) 211 (2.2) |21.2(2.7) [19.4(1.3) |22.8(1.4) |21.1(1L.7)
3474
Total (mL/day) 2949 (828) 1022) 2647 (772) |3102 (824) | 2576 (334)
F
Wiater intake (r;ol_r?dk;f/\)'erage 1825 (720) | 2413 (936) | 1670 (703) | 1667 (510) | 1549 (360)
from a selective = P——r
rom foo
recall method 963 (256) |1010 (252) {870 (237) |1006 (240) |968 (312
(mLiday) (256) (252) |870 (237) (240) |968 (312)
From alcoholic
161 (274 1 107 (1 428 (403) |60 (106
beverage (mL/day) 61(274) |51(%3) 07 (198) (403) (106)
2970 3534
520 (459
Total (mL/day) (1059) (1488) 2513 (798) | 3312 (968) |2520 (459)
Water intake
From beverage 2501
1775 (912 1581 (667) | 1617 (557) |1401 (429
from_a_ (mLiday) 5(912) (1375) 581 (667) (557) (429)
descriptive
. From food
dietary record 1032 (329) | 989 (183) (830 (216) |1251 (420) |1060 (305)
(mL/day)
method)
From alcoholic
162 (2 44 (92 103 (22 444 (442) |59 (103
beverage (mL/day) 62 (289) (2) 03 (225) (442) (103)
. . Urine osmolality
| 4 (247 10 (2 49 (270) |663 (226) |493 (227
Urinalysis (mOsmikg) 604 (247) |610 (236) |649 (270) (226) (227)
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102.4 105.4 110.3 118.3

Na (mEa/L) 542) |97 |4ss)  |Ee1 |48
K (MEg/L) 28.9 (16.4) | 28.8 (16.7) | 27.8 (18.2) |30.4 (13.6) | 28.4 (17.3)
Creatinine (mg/dL) 133.6 153.2 143.7 141.0 96.7 (52.1)

(64.9) (67.3) (74.6) (50.0)

AQP2 (ng/mL) 5.01 (5.45) |4.24 (4.29) |6.14 (6.82) |6.74 (6.36) |2.92 (2.65)

AQP2/Cre 0.03 (0.02) [0.02 (0.02) |0.04 (0.02) {0.04 (0.03) |0.03 (0.01)
Na/K 41(2.1) |45(24) |49(23) (4118 |29@1.1)
Na excretion 0.129 0.104 0.146 0.118 0.147
(g/day) (0.035) (0.028) (0.031) (0.027) (0.033)
Day time

_ N (times/day) 6.6 (1.6) 7.1(1.5) 6.5 (1.3) 6.5(1.3) |6.5(2.0)

Toilet visits Nioht G

ight time
(times/day) 0.1(0.3) (0.1(0.3) |0.0(0.0) (0.2(0.4) |0.2(0.4)

Data are presented as mean (SD)

2.2.2  Correlation between water intake calculated from a selective recall
method and a descriptive dietary record method

A strong positive correlation was observed between the total water intake calculated from
the selective recall method and that calculated from the descriptive dietary record method (r
= 0.94; p < 0.0001; linear regression, y = 1.20x — 568; figure 2.3.a). The mean of each
participant's water intake over the four-days was used in the correlation analysis of the two
methods. In addition, the water intake from non-alcoholic beverages (r = 0.94; p < 0.0001;
linear regression, y = 1.20x — 407; figure 2.3.b), alcoholic beverages (r = 1.00; p < 0.0001;
linear regression, y = 1.05x — 7.66; figure 2.3.c), and food (r = 0.72; p < 0.0001; linear
regression, y = 0.90x + 166; figure 2.3.d) calculated from the selective recall method and the
descriptive dietary record method exhibited positive correlations.
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Figure 2.3 Correlation between total water intake calculated from the selective recall method
and the descriptive dietary record method. Correlations for (a) total water intake, (b) water
intake from non-alcoholic beverages, (c) water intake from alcoholic beverages, (d) and
water intake from food. The data were each participant's water intake over the four days.

2.2.3

Relationship between water intake and urine osmolality

Urine osmolality is an established indicator of dehydration status. It increases during
dehydration. Therefore, we analyzed the correlation between urine osmolality and water
intake. We also examined whether the correlations differed by sex and age. At first, we



confirmed if either method could assess the correlation between water intake and urine
osmolality similarly. There was a significant correlation between urine osmolality and water
intake calculated from the selective recall method (r = -0.27; p = 0.0018; figure 2.4.a).
Similarly, there was a significant correlation between them calculated from the descriptive
dietary record method (r = -0.31; p = 0.0004; figure 2.4.b). Williams's test was applied for
the difference between two dependent correlations that share one variable. We tested the
significance of the difference between the two correlations using Williams's test [55]. There
was no significant difference in these two correlation coefficients (p = 0.70).
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Figure 2.4 Correlation between water intake and urine osmolality for all participants. Figure
2.4.a shows water intake from the selective recall method. Figure 2.4.b shows water intake
from the descriptive dietary record method. The points represent daily data for the participants.

We next analyzed the relationship between water intake and urine osmolality by sex and
age group. There were significant correlations between water intake and urine osmolality for
young (20 to 44 years old) men (figure 2.5.a) and women (figure 2.5.b). However, there was
no significant correlation for middle-aged (45 to 64 years old) men (figure 2.5.¢c) and women
(figure 2.5.d).
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Figure 2.5 Correlation between urine osmolality and water intake for each age and sex group.
Correlations for (a) young men (20 to 44 years old); (b) young women (20 to 44 years old);
(c) middle-aged men (45 to 60 years old); and (d) middle-aged women (45 to 60 years old).
The points represent daily data for the participants.

2.2.4

The correlation between urine osmolality and AQP2/Cre, an indicator of reabsorption, were
examined to determine the body's responses to hydration status. Analysis of all participants
revealed a positive correlation between urine osmolality and urine AQP2/Cre (r = 0.67; p <
0.0001; figure 2.6.a). In addition, a positive correlation was observed in each of the four
groups (figure 2.6.b-e).

Relationship between urine osmolality and aquaporin 2/creatinine
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Figure 2.6 Correlation between urine osmolality and AQP2/creatinine. Correlation for (a) all
participants; (b) young men; (c) young women; (d) middle-aged men; and (e) middle-aged
women. The points represent daily data for the participants.
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2.3 Discussion
2.3.1 Validation of a selective recall method for assessing water intake

This study verified the validity of a selective recall method to assess water intake. The total
water intakes, calculated from the selective recall method and the descriptive dietary record
method, showed a strong correlation. This result demonstrated the validity of the selective
recall method. In addition, water intake volumes by the two methods from non-alcoholic
beverages, alcoholic beverages, and food were also strongly correlated. Therefore, the
selective recall method provides a highly accurate assessment of the water intake for each
source. The descriptive dietary record method documents all food and beverages consumed,
and it is one of the most precise diet survey methods [26, 27]. Murakami et al. developed a
method to rigorously assess water intake by multiplying dietary information collected from
the descriptive dietary record method by the WCFC [34]. However, the method is time and
labor-intensive because a dietitian manually enters the paper-based description into the
nutritional calculation software. The selective recall method saves time and effort because
the survey data is collected online and processed directly.

The food-derived water intakes calculated from the selective recall method and the
descriptive dietary record method exhibited a positive correlation. However, the correlation
coefficient was lower than that of beverages. The reason may be that the selective recall
method has 40 food category choices, whereas the descriptive dietary record method can be
described all food. Further research exploring more suitable food categories for the choices
could increase the correlation.

2.3.2 Habitual water intake of the participants

Since the daily diet is highly variable, validation for the water intake assessment method must
be carried out over several days. Diet surveys are generally conducted for three to seven days
[55]. This study accounted for variation in the diet by surveying for four days consisting of
three working days and one non-working day. We assessed water intake from food, beverages,
and alcoholic beverages. The ratio of water intake from beverages to that from food was 2.1:1.
The previous Japanese survey reported that the proportion was 1:1. The study suggested that
the Japanese ingest more water from food than people in other countries [33]. In comparison,
participants in this study consumed more of their water intake from beverages than food. It
may be because this survey was conducted in the summer.
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2.3.3  Analysis of hydration status by urinalysis

Urine osmolality is an established indicator of hydration status. It increases when dehydrated
[56, 57]. Urine osmolality in the normal hydration status was reported to be 818-924
mOsm/kg, with water intake ranging from 2049-2453 mL/day. While in this study, the mean
urine osmolality of all participants was 604 mOsm/kg. The mean total water intake of all
participants was 2949 mL/day. These results showed that most participants were in average
to high hydration status.

Water intake significantly correlated with urine osmolality among young men and women.
On the other hand, among the middle-aged groups, no significant correlation was observed
between water intake and urine osmolality. Hydration status is controlled by thirst-induced
water uptake promotion and renal water conservation [58, 59]. These mechanisms of the
participants may have fluctuated with aging. Alternatively, the diuretic effect of alcohol may
affect the hydration status. Among the middle-aged men, water intake from alcoholic
beverages was 444 ml/day, which was higher than that of other groups.

We, therefore, checked the renal reabsorption function of the participants. Dehydration
induces the pituitary gland to secrete vasopressin. It triggers AQP2 translocation to the
plasma membrane on the luminal surface of the kidney collecting duct. Water is reabsorbed
via AQP2 in a kidney, thereby regulating the body fluid volume. The quantity of AQP2 in
urine is correlated with the amount of AQP2 translocated to the renal plasma membrane.
Therefore, urine AQP2 is an indicator of renal resorption [60-62]. In addition, AQP2/Cre is
the urine AQP2 concentration divided by the urine creatinine concentration, independent of
the urine concentration [63]. This study found positive correlations between urine osmolality
and urine AQP2/Cre among young and middle-aged groups. This result was reasonable,
indicating that the renal water reabsorption mechanism was enhanced in response to
dehydration [61]. Furthermore, these results showed that the mechanism worked normally in
all four groups.
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3 ldentifying glucose metabolism status using machine

learning models

3.1 Methods
3.1.1 Data collection

In this cross-sectional study, we recruited non-diabetic Japanese adults aged 20 to 64 in
Tokyo. Those with cardiovascular, liver, and kidney disorders, those taking medication,
pregnant women, and lactating women were excluded. Diabetes was defined as a fasting
plasma glucose level > 126 mg/dL, 120-min post-load plasma glucose level during the OGTT
(120 mPG) > 200 mg/dL, and the use of anti-diabetic medications [25]. Participants
underwent height and weight measurements and OGTT. In the OGTT, participants were
loaded with 75 g glucose solution. Then, blood sampling was performed before and 30, 60,
90, and 120 minutes after glucose loading. The sampled blood was used for the measurement
of blood glucose levels and blood insulin levels. Participants also completed a questionnaire
on lifestyle and physical characteristics. Participants with a survey response rate of less than
90% were excluded from the analysis. A total of 977 participants were suitable for the study.

For external verification data, we recruited non-diabetic Japanese adults aged 20 to 64 in
Hokkaido. The selection and exclusion criteria were the same. The same examinations and a
questionnaire were conducted on them. A total of 452 participants were suitable for the study.

These two studies were conducted in accordance with the guidelines in the Helsinki
Declaration. All participants provided written informed consent. These two studies complied
with the Ethical Guidelines for Medical Research Involving Human Subjects. The ethics
committees of Nihonbashi Egawa Clinic or Fukuhara Clinic approved all procedures. The
studies were registered at the UMIN-CTR.

3.1.2  Classification of glycometabolic category

We classified the participants into the four glycometabolic categories based on 30 min post-
load plasma glucose level (30 mPG), 120 mPG, and the Matsuda index during the OGTT.
These values are associated with insulin sensitivity and secretion [48, 64, 65]. The Matsuda
index was calculated as follows.
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Matsuda index

10,000

B \/ (fasting glucose) (fasting insulin) (mean glucose in OGTT)(mean insulin in OGTT)

The classification criteria were as follows: condition A — 30 mPG <157 mg/dL and
condition B — 120 mPG <126 mg/dL and Matsuda index > 4.97, category 1 satisfies
conditions A and B, category 2 satisfies condition A but not condition B, category 3 satisfies
condition B but not condition A, and category 4 satisfies neither condition A nor condition

B. The four categories were the objective variables of the models in this study.

120 mPG <126 mg/dL
and Matsuda index > 4.97

120 mPG = 126 mg/dL
or Matsuda index < 4.97

30 mPG < 157 mg/dL

Category 1

best glucose metabolism

Category 2

low insulin sensitivity

30 mPG = 157 mg/dL

Category 3

low insulin secretion

Category 4

low insulin sensitivity and
low insulin secretion

Figure 3.1 Classification and characteristics of glycometabolic category.

Each category has clearly different insulin sensitivity and secretion characteristics: category
1 — best glucose metabolism, category 2 — low insulin sensitivity, category 3 — low insulin
secretion, and category 4 — combined characteristics of both categories 2 and 3. In this study,
we developed models to identify these four categories of glucose metabolism status. The
rationale for the categorization and characteristics of each category were explained in a

previous study [50].

3.1.3  Model development

For the explanatory variables, we obtained a dataset that included age, sex, height, BMI, and
the questionnaire responses. The questionnaire consisted of 309 questions that did not require
clinical examination data and could be answered on the spot (appendix A). The topics of the
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questions included exercise, sleep, dietary habits, water intake, alcohol intake, physical
condition, constitution, family history, workstyle, and lifestyle. As pretreatments for the
analysis, we replaced missing answers with the mode. Questions with answers in the nominal
variable were split, and each answer was converted to a dummy variable. Then, we evaluated
the correlations between all variables to identify multicollinearity. If two variables had a
Spearman’s correlation coefficient greater than 0.7, one was excluded. Therefore, we
obtained 283 explanatory variables. Before inputting the data into the SVM, training and
testing datasets were standardized (mean of 0 and variance of 1), respectively.

We developed four-class classification models to identify the glycometabolic category. We
considered decision tree, support vector machine, random forest, and XGBoost. We used
these models rather than deep learning models to interpret the variables' importance and
develop a simpler model by narrowing down the variables. We used the rpart package of R
ver. 4.1.0 for the decision tree. The tuned hyperparameters were the minimum number of
observations in a node and the maximum depth of trees. We used the randomForest package
of R ver. 4.1.0 for the random forest. The tuned hyperparameters were the number of
variables randomly sampled at each tree, the minimum size of terminal nodes, and the
number of trees to grow. We used the kernlab package of R ver. 4.1.0 for the support vector
machine. The tuned hyperparameter was the cost of constraints violation. The kernel function
was set to the linear kernel. We used the xgboost package of R ver. 4.1.0 for XGBoost. The
tuned hyperparameters were the subsample ratio to all variables at each tree, maximum depth
of trees, and learning rate. Figure 3.2 shows the models' training, testing, and validation
processes. We randomly split the original dataset into training (70%) and testing (30%)
datasets. Undersampling of the training dataset was performed because four categories of the
dataset were imbalanced. We conducted 5-fold cross-validation to find the optimal
hyperparameters using the training dataset. Then, we trained the models with the optimal
hyperparameters using the training dataset. Finally, we assessed the model performances
using the testing dataset.

In addition, the top ten most important variables in the random forest model were selected.
The importance of each variable was assessed by the mean decrease in the Gini coefficient.
It is the mean of the total decrease in node impurity by a variable, weighted by the proportion
of samples reaching that node in each decision tree in the random forest. Then, we trained
another random forest model using only these ten variables as explanatory variables using
the training dataset. Finally, we assessed the model performance using the testing dataset and
verified using the external verification dataset.
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Original dataset

Training dataset 5-fold cross validation
processed for parameters tuning of
1n]del'.sanlpling the models (Rl: . XGB, DT, SVM)
¥
Training the models (RF, XGB. DT, SVM) Training the model (RF)
30% with the optimal hyperparameters | with top-10 important variables
----------------------------‘f ------------------------------------------------- v
. Assessing the model performances Assessing
Testing dataset (RF. XGB. DT, SVM) the model performances (RF)
et [t -
External validation External validation
dataset of the model (RF)

Figure 3.2 Training, testing, and validation processes of the models.

The performances were considered based on the areas under the receiver operating
characteristic curve (AUCS) for classifying category 1 and others, category 2 and others,
category 3 and others, category 4 and others, and the mean of these AUCs. The 95%
confidence interval of the AUCs was computed with 2,000 stratified bootstrap replicates. We
used Delong's method to calculate p-values to compare the AUCs [66].

The characteristics of each glycometabolic category and the OGTT values were compared
using analysis of variance (ANOVA) with Dunnett's test for multiple comparisons [67].
Spearman's correlation test calculated the relationships between the selected ten variables
and 30 mPG, 120 mPG, and the Matsuda index. A p-value < 0.05 was considered to indicate
statistical significance. Statistical analysis was performed using the statistical software
package R ver. 4.1.0 (R Foundation for Statistical Computing, Vienna, Austria).

3.1.4  Analysis of important factors in each category

We developed four random forest models of binary classification: a model classifying
category 1 and others, a model classifying category 2 and others, a model classifying category
3 and others, and a model classifying category 4 and others. Then, we consider the variables
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with high importance in identifying each category. Figure 3.3 shows the training and testing
processes of the models. First, we randomly split the original dataset into training (70%) and
testing (30%) datasets. Undersampling of the training dataset was performed. Then, we
conducted 5-fold cross-validation to find the optimal hyperparameters using the training
dataset. Then, we trained the models with the optimal hyperparameters using the training
dataset. Finally, we assessed the model performances using the testing dataset.

Original

dataset

70%

Training dataset
processed
under-sampling

5-fold cross validation
for parameters tuning of the rf models

¥

Training the 1f models
with the optimal hyperparameters

30%

A 4

Testing dataset Assessing the model performances

Figure 3.3 Training and testing processes of the models.

3.1.5 Regression analysis of glucose metabolism status

The glucose metabolism status is originally a continuous status rather than four discrete
categories. Therefore, we developed models to predict the continuous values of glucose
metabolism status. We predicted 30 mPG, 120 mPG, and the Matsuda index, which are the
classification criteria of the glycometabolic category. Figure 3.4 shows the training and
testing processes of the multiple regression analysis. We randomly split the original dataset
into training (70%) and testing (30%) datasets. Using the training dataset, we calculated
multiple regression equations for 30 mPG, 120 mPG, and Matsuda index. The variables were
selected with backward selection. In the method, first, we developed a multiple linear
regression model with all the original dataset variables. Then, we removed the variable with
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the highest p-value from the model and fit a new model. We repeated this process until all
variables in the model had a p-value below 0.05. Then, we assessed the prediction
performance of the multiple regression equations using the testing dataset. The performances
were evaluated by the correlation between predicted and reference 30 mPG, 120 mPG, and
Matsuda index.

Original

dataset

70%
A

Multiple regression equations
were obtained
with backward variable selection®

Training
dataset

30% ¥

The prediction performance
of the multiple regression equations
were assessed

Testing
dataset

Figure 3.4 Training and testing processes of the multiple regression analysis.

3.2 Results
3.2.1 Participant characteristics

Of the total of 977 eligible participants in the original dataset, the glycometabolic categories
1, 2, 3, and 4 accounted for 46% (n = 448), 21% (n = 206), 14% (n = 133), and 19% (n =
190), respectively (table 3.1). Regarding age, categories 3 and 4 were significantly higher
than category 1. Regarding the BMI, categories 2 and 4 were significantly higher than
category 1. The questionnaire answers were obtained from 977 participants. None of the
subjects had more than 1% of missing answers. The characteristics of the preprocessed
questionnaire answers for each category of the participants are shown in appendix B.
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Table 3.1. Characteristics of the participants in each glycometabolic category.

Parameter Category 1 Category 2 Category 3 Category 4
n 448 206 133 190
Sex (% women) 53.1 56.3 40.6 44.2

Age (years) 42.3 (41.2-434) |43.8 (42.3-45.3) |46.7 (44.7-48.6)* | 48.9 (47.4-50.4)*
Height em) 1648 (164.1-  |164.8 (1636|1656 (164.2—  |166.0 (164.9-
g 165.6) 166.0) 166.9) 167.1)
BMI (kg/m?) 214 (21.1-21.6) |23.5 (23.1-24.0)* |21.6 (21.2-22.0) |23.4 (22.9-23.8)*
1295 (1279  |1395 (137.7—  |171.9 (169.7—  |178.1 (1755-
p L
S0mPG (mgfdL) 1,49 9y 141.2)* 174.2)* 180.8)*
127.6 (1244 134.6 (130.5—
120 MPG (my/dL) |94.4 (929-96.0) | 200 0 99.3(96.3-1023) || '
Matsuda index 9.8 (9.4-102) |58 (5.4-6.3)  |7.7(7.3-8.1)*  |5.0 (4.6-5.4)

Data are presented as mean (95% confidence interval), percentage, or the number of

individuals. *p < 0.05 vs. category 1.

3.2.2

Model performances

Table 3.2 shows the performances of the models for identifying glycometabolic category.
The random forest model had the highest performance among the models. Its AUCs (95%
confidence intervals) to classify category 1 and others, category 2 and others, category 3 and
others, and category 4 and others were 0.69 (0.63-0.75), 0.68 (0.61-0.75), 0.63 (0.55-0.72),
0.67 (0.59-0.74). There was no statistically significant difference from the AUCs of the other

models.
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Table 3.2 Performances of the models for identifying glycometabolic category (95%
confidence intervals).

AUC to classify | AUC to classify | AUC to classify | AUC to classify Mean of

Model category 1 and |category 2 and |category 3 and |category 4 and
AUCs

others others others others

Decision tree  {0.63 (0.58-0.70) {0.68 (0.60-0.75) |0.56 (0.45-0.66) |0.61 (0.53-0.70) | 0.62
t t

SUPPOTLVECIOT | o1 (0.57-0.70) | 0.65 (0.57-0.73) | 0.58 (0.47-0.68) |0.55 (0.48-0.64) |0.61
machine
Random forest |0.69 (0.63-0.74) |0.68 (0.61-0.76) | 0.63 (0.55-0.72) [0.67 (0.59-0.74) | 0.67
XGBoost 0.62 (0.56-0.68) |0.58 (0.50-0.66) 0.59 (0.49-0.69) |0.60 (0.52-0.68) | 0.60

In the random forest model, the top ten most important variables were age, height, BMI,
and the following questions: “Do you wake up in the middle of the night”, “Which do you
usually eat: rice or bread”, “Frequency of tea intake per week at lunch”, “Do you wake up
late on a non-working day”, “Frequency of mobile phone and tablet computer use at bedtime”,
“Frequency of soup intake”, and “Frequency of toothbrush replacement”.

3.2.3 Model performance using ten variables

We next developed another random forest model using these ten variables. Table 3.3 shows
the performance of the model. Its AUCs (95% confidence intervals) to classify category 1
and others, category 2 and others, category 3 and others, and category 4 and others were 0.68
(0.62-0.75), 0.66 (0.58-0.73), 0.61 (0.51-0.70), and 0.70 (0.62-0.77), respectively. Its AUC
to classify category 1 and others was not significantly lower than that of the previous random
forest model shown in table 3.2 (p-value was 0.86). Its AUCs to classify category 2 and others,
category 3 and others, and category 4 and others were also not significantly lower than those
of the previous random forest model (p-values were 0.33, 0.51, 0.11).
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Table 3.3 Performance of the random forest model using the ten variables (95% confidence

interval).
AUC to classify | AUC to classify | AUC to classify | AUC to classify Mean of
Model category 1 and |category 2 and |category 3 and |category 4 and
AUCs
others others others others
Random forest 0.68 (0.62— 0.66 (0.58- 0.61 (0.51- 0.70 (0.62— 0.66
using ten variables | 0.75) 0.73) 0.70) 0.77) '

Figure 3.5 shows the model's receiver operating characteristic (ROC) curves. The AUC for
classifying category 4 and others was the highest among the AUCs for classifying each

category.

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

ROC curve for classifying category 1 and the others
ROC curve for classifying category 2 and the others
—— ROC curve for classifying category 3 and the others
—— ROC curve for classifying category 4 and the others

T T
0.0 0.2

T
0.4
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0.6
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1 - Specificity

T
1.0

Figure 3.5 ROC curves of the random forest model using the ten variables.
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Table 3.4 shows the importance of the ten variables in the model. Table 3.5 shows
correlation coefficients between the variables and 30 mPG, 120 mPG, and the Matsuda
index, which are the classification criteria of the glycometabolic category. We partially
modified the variables' wording to make the correlations' positives and negatives easier to
understand. There were significant correlations between most variables and classification
criteria. The variable "Frequency of eating bread™ did not significantly correlate to 120 mPG,
but its p-value was less than 0.1.

Table 3.4 Variables of the model and their importance.

. . Mean decrease in
Question type Variable Gini coefficient
Physical characteristics BMI 10.3
Physical characteristics Age 8.1
Physical characteristics Height 3.3
Sleep habits and drowsiness | Do you wake up in the middle of the night? 3.1
Dietary habits Which do you usually eat: rice or bread? 25

Frequency of tea intake per week at lunch 2.1
Sleep habits and drowsiness | Do you wake up late on a non-working day? 19
ataieem e E;zqal:ebnec(iicr)rf]emoblle phone and tablet computer 14
Dietary habits Frequency of soup intake 14
Workstyle and lifestyle Frequency of toothbrush replacement 0.8
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Table 3.5 Correlation coefficients between the variables and the classification criteria of the

glycometabolic category.

Correlation coefficient

Varieble 30mPG |120 mPG :\:Z;S)(”da
Body mass index 0.14* 0.17* -0.50*
Age 0.26* 0.22* -0.05*
Height 0.10* -0.07* -0.07*
Frequency of waking up in the middle of the night 0.11* 0.09* -0.04
Frequency of eating bread, not rice <0.00 0.06* -0.04
Frequency of tea intake per week at lunch <0.00 0.06* -0.07*
Frequency of waking up late on a non-working day -0.07* -0.06* -0.05
Frequency of mobile phone and tablet computer use at bedtime |-0.02 <0.00 -0.06*
Frequency of soup intake 0.06* -0.03 0.09*
Frequency of toothbrush replacement -0.07* -0.02 -0.01

*p < 0.05 and 0.5 < *p < 0.1 in Spearman'’s correlation test.

3.24  Model performance in the external validation

Of the total of 452 eligible participants in the external validation dataset, the glycometabolic
categories 1, 2, 3, and 4 accounted for 47% (n = 213), 30% (n = 135), 7% (n = 32), and 16%
(n = 72), respectively (table 3.6). The characteristics of the questionnaire answers used for

the model are shown in appendix C.
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Table 3.6 Characteristics of the participants in each glycometabolic category.

Parameters Category 1 Category 2 Category 3 Category 4

n 213 135 32 72

Sex (% women) 0.48 0.49 0.38 0.47

Age (years) 38.6 (37.0-40.2) |43.7 (42.0-45.5)* |44.3 (40.6-47.9)* |46.4 (44.2-48.6)*

Height (cm) 165.9 (164.7-  |165.4 (163.9-  |167.2 (164.4-  |165.2 (163.3—

g 167.1) 166.9) 170.1) 167.0)

BMI (kg/m?) 22.0 (21.7-22.4) |23.8 (23.2-24.4)* {22.0 (21.0-23.1) |23.9 (23.2-24.7)*

124.3 (121.9- 138.1 (135.8- 166.4 (163.5— 178.3 (173.6—
P L

S0mPG (mg/dL) 1,6 7y 140.4)* 169.4)* 182.9)*
100.6 (98.5— 142.0 (137.5- 100.4 (95.0- 156.5 (148.9-

120 mP L

0 mPG (MG/AL) | g) 146 5)* 105.8) 164.2)*

Matsuda index ~ |10.7 (10.2-11.3) |7.5(6.7-8.2)*  |85(7.1-9.8)*  |5.4 (4.7-6.2)*

Data are presented as mean (95% confidence interval), percentage, or the number of
individuals. *p < 0.05 vs. category 1.

The performance of the previous random forest model using ten variables was verified using
the external validation dataset. I1ts AUCs (95% confidence intervals) to classify category 1
and others, category 2 and others, category 3 and others, and category 4 and others were 0.66
(0.61-0.71), 0.57 (0.51-0.62), 0.60 (0.50-0.69), 0.64 (0.57-0.71), respectively (table 3.7).
Its AUC to classify category 1 and others was not significantly lower than that of the previous
random forest model shown in table 3.3 (p-value was 0.63). Its AUCs to classify category 2
and others, category 3 and others, and category 4 and others were also not significantly lower
than those of the previous random forest model (p-values were 0.06, 0.26, 0.89). Figure 3.6
shows the ROC curves of the model. The AUC for classifying category 1 and others was the
highest among the AUCs for classifying each category.
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Table 3.7 Performance of the random forest model using the ten variables in the external
validation (95% confidence interval).

AUC to classify

AUC to classify

AUC to classify

AUC to classify

Mean of

Model category 1 and |category 2 and |category 3 and |category 4 and
AUCs
the others the others the others the others
Random forest 0.66 (0.61- 0.57 (0.51- 0.60 (0.50- 0.64 (0.57- 0.62
using ten variables |0.71) 0.62) 0.69) 0.71) '

<
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ROC curve for classifying category 1 and the others
ROC curve for classifying category 2 and the others
—— ROC curve for classifying category 3 and the others
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Figure 3.6 ROC curves of the random forest model using the ten variables in the external
validation.

3.2.5 Analysis of important factors for each category using binary

classification models

Table 3.8 shows the performance of the binary classification random forest models. The
model classifying category 1 and others had the best performance. Category 3 was the most
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difficult to classify.

Table 3.8 Performance of the binary classification random forest models (95% confidence
interval).

Model classifying Model classifying Model classifying Model classifying
Model |category 1 and category 2 and category 3 and category 4 and
others others others others

AUC |0.69 (0.63-0.75) 0.62 (0.54-0.70) 0.59 (0.49-0.70) 0.64 (0.56-0.72)

Tables 3.9-12 show the top ten important variables of each model. They suggest important
factors in the identification of each category. Variables in category 2 were primarily related
to diet and water intake habits. Variables in category 3 were mainly related to physical
condition and constitution. Variables in category 1 and 4 were related to various types of
factors. Alcohol intake is also typical for category 4.

Table 3.9 Variables of the model classifying category 1 and others.

Mean decrease in

ionT Variabl . ..
Question Type ariable Gini coefficient
Physical characteristics |BMI 9.58
Physical characteristics | Age 6.46
Physical characteristics | Height 3.17
. . F f intake of t bread, side dish bread,
S i requency of intake of sweet bread, side dish brea 3.08

sandwiches, and pizza.

_ Gained 10 kg or more since age 20 2.83

Sleep habits and
drowsiness

Stay up late 2.32

Frequency of tea intake at lunch 2.03

Dietary habits Frequency of cheese, dried fruits, and nuts intake 1.66

Greasy forehead 1.65

Workstyle and lifestyle | Screen time on working day 1.65
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Table 3.10 Variables of the model classifying category 2 and others.

Mean decrease in

Question Type Variable Gini coefficient
Physical characteristics |BMI 1.68
Physical characteristics | Height 1.09
Frequency of tea intake at lunch 1.05
Physical characteristics | Age 0.98
Frequency of milk and yogurt drink at breakfast 0.75
Dietary habits Frequency of fruits (except berries) intake 0.73
Dietary habits Which do you usually eat: rice or bread? 0.69
Dietary habits Frequency of simmered food intake 0.65
Workstyle and lifestyle | Take time to soak in a bath 0.65
Dietary habits Frequency of soup intake 0.64

Table 3.11 Variables of the model classifying category 3 and others.

Mean decrease in

tion T Variabl L .
Question Type anable Gini coefficient
Physical characteristics |BMI 1.52
Dietary habits Frequency of eating lunch 0.84
Nausea and abdominal bloating 0.61
Coldness in areas other than hands and feet 0.59
Exercise habits Duration of walking on working days 0.58
Dietary habits Amount of soup left in a noodle dish 0.57
Frequency of milk and yogurt drink intake at lunch 0.56
Food or drink stings your teeth 0.52
Frequency of wine intake 0.50
Frequency of fruit and vegetable drinks intake 0.48
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Table 3.12 Variables of the model classifying category 4 and others.

Question Type Variable Z;?Zgg%i?:itm
Physical characteristics |BMI 2.74
Physical characteristics | Age 2.66
Frequency of shochu and awamori intake 1.95
Frequency of water intake at breakfast 1.10
Frequ_ency of fruit and vegetable drinks intake in the 0.80
morning
Exercise habits Duration of walking 0.77
::zs\?sihnzt?sgs and Wake up refreshed in the morning 0.73
Sweat even though not doing anything 0.68

Frequency of whiskey, brandy, gin, and vodka intake | 0.64

Frequency of milk and yogurt drink intake in the

. 0.63
morning

3.2.6  Regression analysis of glucose metabolism status

Figure 3.7.a shows the correlation between the predicted 30 mPG by the multiple regression
model and the referenced 30 mPG. There was a significant but weak correlation (r = 0.30).
In addition, the predicted 30 mPG values were not distributed over the high and low values,
which were difficult to predict. Figure 3.7.b shows the correlation between the predicted 120
mPG by the multiple regression model and the referenced 120 mPG. There was also a
significant but weak correlation (r = 0.20). The predicted 120 mPG values were also
concentrated around the midpoint. Figure 3.7.c shows the correlation between the predicted
Matsuda index by the multiple regression model and the referenced Matsuda index. There
was a significant correlation (r = 0.53). The predicted Matsuda index values were not
distributed over the high values
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Figure 3.7 Correlations between the referenced and predicted values by the multiple
regression models. (a) 30 mPG, (b) 120 mPG, (c) Matsuda index.

3.3 Discussion
3.3.1  Strengths of this study to identify glucose metabolism status

In this study, we identify the glucose metabolism status of non-diabetic Japanese using
machine learning models with a questionnaire. This study had two unique features. First, we
identified the glucose metabolism status rather than pre-diabetes. Our previous study
classified the non-diabetic Japanese population into four glycometabolic categories. Each

category had distinctly different insulin sensitivity and secretory characteristics [50].
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Although screening tools for pre-diabetes have been developed [42-47], pre-diabetes presents
overlapping pathophysiology of impaired insulin sensitivity and secretion [68, 69]. This is
the first study to develop a model to distinguish between decreased insulin sensitivity and
secretion. This model encourages individuals to understand their glucose metabolism status.
It may help them to change their lifestyle to prevent diabetes.

Second, the model requires only ten guestions about lifestyle and physical information that
can be answered on the spot. Unlike patients with diabetes, non-diabetic people have no
strong motivation or compulsion to undergo screening tests. Clinical measurement values,
such as fasting plasma glucose, are valid predictors of glucose metabolism status [42-47].
However, the need to link to clinical laboratory data may limit their scope of use. Moreover,
in the questionnaire tool, variables that the user cannot remember may reduce the user’s
motivation to use. The simplicity of our tool helps individuals expand their opportunities to
know their glucose metabolism status.

Notably, this model should be used for screening, and a clinical test should make an accurate
diagnosis by a doctor [25]. Despite the increasing number of patients with diabetes
worldwide [13], impaired glucose metabolism is being overlooked because of its
asymptomatic nature [70]. Understanding one's glucose metabolism status may provoke
stronger behavioral motivation than vague lifestyle-related improvement suggestions.

3.3.2 Comparison with previous studies

A systematic review of risk assessment tools for pre-diabetes reported a mean AUC of 0.7,
ranging from 0.66 to 0.75 [71]. Meanwhile, in this study, the AUC for classifying category
1 (the best glucose metabolism group) and the other categories (impaired glucose metabolism
groups) was 0.68 in the random forest model using ten variables. However, this model has
its own advantages, as it differs from previous studies. Furthermore, some previous studies
used the history of hyperglycemia and hypertension as variables [39, 72-75]. These factors
have a clear association with diabetes risk. Thus, these factors may have contributed to
improving model performance. On the other hand, the participants of this study excluded
patients with hyperglycemia and hypertension. Therefore, it may have affected the model's
performance.

We used a random forest model for variable selection. We employed ten variables as a nice
round number that was manageable to answer for a respondent. The 95% confidence intervals
for the AUCs in our model were wide; therefore, we could not determine the number of
questions from a threshold at which the model performance would be statistically
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significantly decreased. Choosing the optimal number of questions with a larger sample size
is a topic for future study. The AUC for classifying category 1 and the AUC for classifying
category 4 were higher than those of categories 2 and 3. Category 1 has the best glucose
metabolism status, while category 4 has the worst glucose metabolism status with low insulin
secretion and sensitivity [50]. Categories 2 and 3 are intermediate. Therefore, categories 1
and 4 may have been easier to identify.

3.3.3  Lifestyle factors related to glucose metabolism status

We selected ten variables using a random forest. There were significant correlations between
most variables and 30 mPG, 120 mPG, and the Matsuda index, which are the classification
criteria of the glycometabolic category. Furthermore, these variables have been reported to
be associated with glucose metabolism status and diabetes risk. The variables included age,
BMI, and height. Aging diminishes the ability to secrete insulin [23, 76], whereas obesity
decreases insulin sensitivity [22, 77-79]. Cohort studies in Europe and Israel reported that
height and risk of type 2 diabetes are inversely correlated [80, 81].

Sleep, diet, and lifestyle factors were also employed. Laboratory interventions of circadian
disruption were found to attenuate insulin sensitivity and secretion [82-64]. Sleep duration is
related to the risk of developing diabetes. Sleeping 7 to 8 hours per day has the lowest
diabetes risk [85]. Insomnia disorder with short sleep duration is associated with a higher risk
of diabetes [86]. In addition, bedtime mobile phone use decreases sleep quality [87, 88].
Therefore, screen time at bedtime may be associated with glucose metabolism status. In fact,
our correlation analysis showed that the more frequently mobile phone and tablet computer
were used at bedtime, the worse the Matsuda Index was. However, the association has not
been reported. This study is the first to suggest an association between glucose metabolism
status and mobile phone and tablet computer use at bedtime.

Preference for rice or bread reflects an individual's dietary style. Rice is the primary source
of carbohydrates for Asians. There is a positive association between rice intake and the
development of diabetes [89]. Replacing refined grains with whole grains is recommended
for diabetes prevention [90]. The relationship between diabetes and various dietary styles,
such as Mediterranean and vegetarian diets, has been studied [91, 92]. However, there is no
one dietary style that is best for diabetes prevention [93, 94]. Further research is needed to
determine the appropriate dietary style for each person. The frequency of soup intake may
also be a factor related to dietary style.

Tea is rich in polyphenols and caffeine. Several in vitro studies have shown that tea
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components enhance insulin sensitivity and secretion [95-98]. In addition, multiple
epidemiological studies have shown that chronic tea consumption decreases the risk of
diabetes [99-102]. On the contrary, intervention trials have reported inconsistent results
regarding the effects of tea on glucose metabolism [103-106].

Periodontal disease and oral inflammation worsen glycemic control and increase diabetes
risk [107, 108]. Therefore, oral hygiene habits, such as the frequency of toothbrush
replacement, may be necessary for maintaining glucose metabolism status. However, their
association has not been reported [109]. This study suggests for the first time that oral
hygiene habits may be associated with glucose metabolism status.

Furthermore, we developed four random forest models of binary classification to consider
the factors with high importance for each category. Each model's top ten important variables
suggest essential factors in identifying each category. The results indicated that category 2
was related to diet and water intake habits. Category 2 has impaired insulin sensitivity.
Obesity and impaired lipid metabolism are reported to cause impaired insulin sensitivity [110,
111]. The result provided additional evidence for a link between dietary habits and insulin
sensitivity. Category 3 was related to physical condition and constitution. Category 3 has
decreased insulin secretion. A genetic factor is one of the causes of insulin secretion
deficiency [21]. Therefore, the physical constitution may be important in identifying category
3. Categories 1 and 4 were associated with various types of factors. Category 4 is a state in
which both insulin sensitivity and secretion are deficient. The result reflected that the
accumulation of diverse lifestyle habits causes the deterioration of glucose metabolism.
Further study should clarify the causal relationship and molecular mechanism between them.
It may offer new lifestyle habits to prevent diabetes.

Besides, principal component analysis (PCA) may contribute to considering important
factors in the dataset. Then, we performed PCA on the original dataset. As a result, the
contribution ratio of principal component 1 was very high at 0.986. Height, age, and BMI
factors accounted for most of the PC1 principal component loading. Furthermore, the
principal component scores could not separate participants into categories 1, 2, 3, and 4. Then,
we further excluded height, age, and BMI from the original dataset and performed PCA.
However, we could not separate participants into categories 1, 2, 3, and 4. Therefore, these
results showed that PCA is difficult to identify glucose metabolism status with the
questionnaire (data not shown).

3.3.4  Regression analysis of glucose metabolism status
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We attempted to predict glucose metabolism status with continuous values by multiple
regression analysis. However, there were weak correlations between referenced and
predicted values by the multiple regression models of 30 mPG and 120 mPG. In addition,
high and low values were difficult to predict. As to the Matsuda index, the correlation
coefficient between referenced and predicted values was 0.53. However, to detect categories
2 and 4, i.e., decreased insulin sensitivity, it is essential to predict a range of Matsuda index
below 4.97. In this range, the correlation coefficient was 0.21 (figure 3.8).
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Figure 3.8 Correlation between the referenced and the predicted Matsuda index by the
multiple regression model in the range of 0 to 4.97.

The lack of training data on high and low values may cause low prediction performance.
Data augmentation may help solve this issue. The synthetic minority oversampling technique
(SMOTE) is one of the data augmentation techniques. This technique generates new synthetic
samples of the minority class by applying the nearest neighbor method [112]. Furthermore,
blood glucose levels range from approximately 70 to 250 mg/dL. On the other hand, there
are up to six options for questionnaire responses. Therefore, there may be a limitation in
predicting continuous values of the glucose metabolism status rather than the four
glycometabolic categories. The results showed that the prediction performance of the
multiple regression models was poor, and the range of predicted values was skewed.
Therefore, we did not classify glycometabolic categories based on the predicted 30 mPG,
120 mPG, and Matsuda index.
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4 Conclusion
4.1 Conclusion of this thesis

In Chapter 2, we validated a selective recall method for assessing water intake in Japanese
people. In this method, intake data for food and beverages is collected through a multiple-
choice questionnaire. Then, the data is multiplied by each WCFC to calculate the total water
intake. In a clinical trial, we assessed participants' water intake using the selective recall
method and an established method, the descriptive dietary record method. Then we analyzed
the correlation between the water intakes from the two methods. As a result, the two methods
had a strong positive correlation (r = 0.94, p < 0.0001). In addition, water intakes by the two
methods from non-alcoholic beverages (r = 0.94, p < 0.0001), alcoholic beverages (r = 1.00,
p < 0.0001), and food (r = 0.72, p < 0.0001) were also strongly correlated. Therefore, we
demonstrated that the selective recall method accurately assesses the total water intake for
each source. Thus, the method will help people to intake an adequate amount of water and
maintain their health. It will also contribute to future epidemiological studies to examine the
relationship between water intake habits and health.

In addition, we reported for the first time the accurate habitual water intake of Japanese
people using this method. The survey was conducted on four days, including three working
days and one non-working day. The mean total water intake of all participants was 2949
mL/day. The ratio of water intake from beverages to food was 2.1:1. We also analyzed the
relationship between water intake and hydration status by urinalysis. A significant, negative
correlation was observed between total water intake and urine osmolality in men (r = -0.55,
p = 0.0011) and women (r = -0.51, p = 0.0032) aged 20 to 44. On the other hand, no
correlation was observed among the participants aged 45 to 64. The body's response to water
intake may have fluctuated with aging.

In Chapter 3, we developed a model to identify the glucose metabolism status of non-
diabetics using a simple questionnaire. The AUC for identifying categories with impaired
glucose metabolism was 0.68. In the external validation, the AUC was 0.66, and the
robustness of the model was demonstrated. The model had the following two features. First,
it identified glucose metabolism status, i.e., insulin sensitivity and secretion, rather than pre-
diabetes. Then, it may help us to take appropriate measures to prevent diabetes that suit each
status. Second, it required only ten factors, only questions about lifestyle and physical
information that could be answered on the spot. Because invasive measurement factors or
excessive factors are not needed, it can be easily and widely used by the general population.
This model provides an opportunity for many non-diabetic individuals to identify their
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glucose metabolism status. That may lead them to start improving their lifestyle to reduce
their diabetes risk.

The variables of the model were selected using a random forest. They are age, height, BMI,
and the following questions: “Do you wake up in the middle of the night”, “Which do you
usually eat: rice or bread”, “Frequency of tea intake per week at lunch”, “Do you wake up
late on a non-working day”, “Frequency of mobile phone and tablet computer use at bedtime”,
“Frequency of soup intake”, and “Frequency of toothbrush replacement”. Several factors
have not been reported to be associated with glucose metabolism status. Thus, this study
suggested new factors related to glucose metabolism status and diabetes risk.

This thesis analyzed water intake and glucose metabolism status using questionnaires.
These methods are simple and do not require special examinations at hospitals. Therefore,
they will help the general population to monitor their own health status and prevent disease.
In addition, these methods can be used in future studies to elucidate the relationship between
lifestyle and health status. It may offer a new lifestyle modification approach to prevent
disease.

4.2 Remaining problems and future directions

In the water intake assessment, this study had some limitations. First, the surveys were
conducted only in the summer. The ratio of water intake from beverages to that from food
was 2.1:1 in this study. However, a season of a survey may affect water intake volume.
Second, the participants were employees who worked at Suntory World Research Center in
Kyoto. The results of this study might be subject to the potential influence of participant
demographics and seasonality. Third, Participants were limited to those under 65 years of
age. Older people are at increased risk of dehydration due to low muscle mass, impaired
kidney function, physical and cognitive impairments, and dull thirst [113]. Therefore, it is
essential to verify the validity of this method in the elderly. A large-scale study conducted
throughout the four seasons in multiple regions is needed. A trial with elderly subjects is also
required. It will provide more general and robust evidence of the effectiveness of this method.

Furthermore, this study did not search for the best choices of survey instrument. The
correlation coefficient of the water intakes from food was 0.72. The descriptive dietary record
method can describe all foods, while the selective recall method limits the options to 40 food
categories. This is one reason the water intake from the two methods did not match. Further
research to explore the optimal choices will improve the accuracy of the selective recall
method.
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In identifying glucose metabolism status, this study had some limitations. First, the
participants recruited volunteers rather than randomly selected population-based samples.
Second, the questionnaire was not validated, so measurement errors may have occurred.
Nevertheless, the model was validated by external validation using data from people in other
regions of Japan. Therefore, the robustness of the model was confirmed. Third, the
questionnaire was aimed at Japanese people. In particular, the dietary questions were based
on Japanese food. Therefore, the model's application to other countries and ethnic groups
may be limited. Further study is needed to acquire and analyze data from different
populations to expand the application scope.

In addition, we analyzed the relationship between glucose metabolism status and a wide
range of lifestyle information, including unknown diabetes risk factors. The ten variables
were selected for the random forest model. Some of these lifestyles have not been reported
to be associated with glucose metabolism status. This result may suggest meaningful
information for future diabetes studies. Further study should clarify the causal relationship
and molecular mechanism. They may suggest new lifestyle habits to prevent diabetes.

This thesis assessed water intake and glucose metabolism status using questionnaires. We
aimed to establish methods and improve these accuracies in each. Further study is required
to find variables common to the two health statuses. It will develop a method to predict both
conditions with a common questionnaire. Furthermore, there are many other health indicators
and diseases besides these two. This study cannot cover them all. For example, there were
3.3 million diabetes patients, while there were 9.9 million hypertensive disease patients and
1.8 million malignant neoplasms patients in Japan in 2017 [114]. For these diseases as well,
health status assessment methods are needed to reduce the risk. A future prospect of this
study is to develop a questionnaire that can predict multiple health conditions with common
variables. Therefore, more people will be able to assess their health status from various
perspectives. We believe this study can be a first step toward constructing such a beneficial
assessment method.
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Appendix

A. Questionnaire on lifestyle and physical characteristics

Please answer the following questions about your lifestyle and physical condition over the last month.

Please provide only one option per question except for the last question in this survey, for which you
can provide multiple answers.

[Exercise habits]

€ Activity intensity

How did you spend your

working days?

1. Mainly static activities (Most of
the work was done sitting down.
There was little movement, or it
was a static way to move while
sitting down, such as driving).

2. Exercise moderately (You
spent a lot of time sitting, but you
had the opportunity to exercise
for commuting, moving in the
workplace, standing work /
customer  service, shopping,

3. Actively moving (You spent a
lot of time moving and standing
for work and housework. You
spent a lot of time on farm work,
carrying heavy luggage, going up
and down stairs, etc.)

housework, etc.)

1. Mainly static activities (Most of
the time was spent sitting, and
most of the activities were static,
such as watching TV, reading, and
driving).

3. Active engagements such as
mountain climbing, running,
swimming, tennis, and soccer.

How did you spend your non—

working days? 2. Light exercise and walking

€ Travel method and time required (working days)

On foot 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5-29 min 5. Less than 5 min

Running 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min

By bicycle 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 9. Less than 5 min

By train / bus 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min

By car / motorcycle 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 9. Less than 5 min
4 Travel method and time required (non-working days)

On foot 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min

Running 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min

By bicycle 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5-29 min 5. Less than 5 min

By train / bus 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min

By car / motorcycle 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5-29 min 5. Less than 5 min
4 Duration of exercise (weekly total)

Walking 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min

Running 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 9. Less than 5 min

Swimming 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min

Strength training 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 9. Less than 5 min

Other exercise 1. 90 min or more 2. 60-89 min 3. 30-59 min 4.5 - 29 min 5. Less than 5 min
# Please select the one that applies to your exercise situation and awareness of exercise.

You joined a sports gym 1. Yes 2. No

lelihzv;n athletic shoes or gym 1. Yes 2 No

Time of exercise 1. before meals 2. after meals :ﬁdbaufttir Eﬂe:;r: g.a:tuizjz?dm in g:abﬁ: exercise
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[Sleep habits and drowsiness]

4 Sleep habits

Average sleeping time 1. 8 hours or more

2. 7 hours to less
than 8 hours

3. 6 hours to less
than 7 hours

4. 5 hours to less
than 6 hours

5. less than 5 hours

1. almost the same

Variation in bedtime .
time every day.

2. different time on
working days and
non—working days

3. Different time
each day

1. You don't have
trouble falling
asleep

Falling asleep

2. You have trouble
falling asleep

1. almost the same

Variation in sleep duration .
P duration every day

2. Different
duration on
working days and
non—working days

3. Different
duration each day

# Sleep habits and drowsiness

Feel that you get enough sleep . Always 2. Fregquently 3. Sometimes 4. Seldom 5. Never
Stay up late . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Take sleeping pills . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Drink alcohol to sleep . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
You fall asleep and wake up right away . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Frequerlmy if rosills (i G EalE earmaier s . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
at bedtime

Spend in a bright room until just before going to bed . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Wake up in the middle of the night . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
WL U durmg. il (I et i el 91 et . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
to go to the toilet.

Wake_up [ i R GELD @7 O TR e rowe EifiseiEy . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
sleeping afterwards

Feel suffocation during sleep . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
E:izn vou wake up in the morning still feel sleepy and . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Wake up refreshed in the morning . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
[Faxd §t|cky o idi Lisuidy i e e e I e . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
morning

Not hungry when you wake up in the morning. . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Become drowsy after a meal . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Long-lasting drowsiness after a meal . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Fegl 0 Gty D Sy @ e, @uem Wil warids @ . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
doing household chores

Wake up late on non—-working day . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
W gl ek Wp @ e yeiics Gy i a . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
alarm clock.

Take a nap on non—working day . Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Have habits to sleep well Yes 2. No

Ha\.:e been told that you have stopped breathing Yes 2 No

during sleep

Have been told you snores Yes 2. No

Have.been told you are bruxing your teeth during Yes 2 No

sleeping




[Dietary habits]

€ Frequency and duration

Frequency of eating breakfast per 1. Every day 2. 4-6 times a | 3. 2-3 times a | 4. Once a week 5. Less than once
week week week a week
Time required for breakfast 1,30 min or more 2. 20 min to less | 3. 10 min to less | 4. 5 min to less 5 less than 5 min
’ than 30 min than 20 min than 10 min )
Frequency of eating lunch per week 1. Every day 2. 4-6 times a | 3. 2-3 times a | 4. Once a week 5. Less than once
week week a week
Time required for lunch 1,30 min or more 2. 20 min to less | 3. 10 min to less | 4. 5 min to less 5 less than 5 min
’ than 30 min than 20 min than 10 min )
Frequency of eating supper per 1. Every day 2. 4-6 times a | 3. 2-3 times a | 4. Once a week 5. Less than once
week week week a week
Time required for supper . 2. 20 min to less | 3. 10 min to less | 4. 5 min to less .
1. 30 min or more than 30 min than 20 min than 10 min 5. less than 5 min
Frequency of eating after—supper 1. Every day 2. 4-6 times a | 3. 2-3 times a | 4. Once a week 5. Less than once
snacks per week week week a week
Time required for after—supper 1,30 min or more 2. 20 min to less | 3. 10 min to less | 4. 5 min to less 5 less than 5 min
snacks ’ than 30 min than 20 min than 10 min )
Frequency of snacking per week 1. Every day 2. 4-6 times a | 3. 2-3 times a | 4. Once a week 5. Less than once
(between breakfast and lunch or week week a week
between lunch and dinner)
Time required for snacks (between . 2. 20 min to less | 3. 10 min to less | 4. 5 min to less .
breakfast and lunch or between 1. 30 min or more . . . 5. less than 5 min
. than 30 min than 20 min than 10 min
lunch and dinner)
¢ Meal timing
Eat breakfast at about the same time | 1. Yes 2. No 3. You eat breakfast less than
once a week
Eat lunch at about the same time 1. Yes 2. No 3. You eat lunch less than once
a week
Eat supper at about the same time 1. Yes 2. No 3. You eat supper less than
once a week
Eat after—supper snacks at about the | 1. Yes 2. No 3. You eat after—supper snacks
same time less than once a week
Eat snacks (between breakfast and | 1. Yes 2. No 3. You eat snacks less than
lunch or between lunch and dinner) at once a week
about the same time
@ Dietary habits
Freq_uepcy of consuming yogurt and 1. Every day 2. 4-6 times a | 3. 2-3 times a 4 once a week 5. less than once
probiotics drinks week week a week
Which do you usually eat: rice or 1. usually eat rice 2. eat rice more | 3. about the same | 4 eat bread more | 5. usually eat
bread? ' v often than bread frequency often than rice bread
Amount of rice you usually ate
compared to one serving of rice at a | 1. more 2. somewhat more | 3. about the same | 4. somewhat less | 5. less
restaurant
Amount of main dish you usually ate
compared to one serving of main 1. more 2. somewhat more | 3. about the same | 4. somewhat less | 5. less
dish at a restaurant
Frequency of soup intake 1. more 2. somewhat more | 3. about the same | 4. somewhat less | 5. less
Frequency of noodles intake 1. more 2. somewhat more | 3. about the same | 4. somewhat less | 5. less
Frequency of vegetable intake 1. more 2. somewhat more | 3. about the same | 4. somewhat less | 5. less
Amount of soup left in noodle dish 1. very little left | 2. 20-30% 3. About half 4, 70-80% 5. almost all left

@ Characteristics of your diet

Try to eat well-balanced diet 1. Yes 2. No
Try not to overeat 1. Yes 2. No
Try to choose low—carbohydrate diet 1. Yes 2. No
faster to eat than others 1. Yes 2. No
Try to choose low—salt diet 1. Yes 2. No
Try to eat vegetables first 1. Yes 2. No
Often eat sweets 1. Yes 2. No
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Often eat seafood, tofu, and beans. 1. Yes 2. No
Eat more than other people 1. Yes 2. No
Often have a large serving and extra serving 1. Yes 2. No
Feel unsatisfied without rice dish or noodles after drinking alcohol 1. Yes 2. No
Finish supper two hours before going to bed 1. Yes 2. No
Meals served one by one 1. Yes 2. No
Often eat after—-meal dessert 1. Yes 2. No
Often add salt or soy sauce to dishes. 1. Yes 2. No
Try to choose meat with less fat and remove excess fat. 1. Yes 2. No
Often eat until you're full. 1. Yes 2. No
Often eat rice dish or noodle or sweets after drinking alcohol. 1. Yes 2. No
Hardly ever cook at home 1. Yes 2. No
Try to chew well and eat 1. Yes 2. No
After supper, go to bed on a full stomach. 1. Yes 2. No
Try to eat a lot of vegetables 1. Yes 2. No

¢ Meal details

Days of intake per week
More than
one day a Al "
B month but | One day a | 2to 3 days | 4 to 6 days mos
Don’ t eat every day a
less than | week a week a week
week
one day a
week
B Rice
Rice ball 0 1 2 3 4 5
Rice porridge and risotto 0 1 2 3 4 5
Japanese seasoned rice with vegetables 0 1 2 3 4 5
Rice (white rice, brown rice, barley rice, etc.) 0 1 2 3 4 5
Fried rice, pilaf, and omelet rice 0 1 2 3 4 5
Sushi 0 1 2 3 4 5
Bowl of rice with topping 0 1 2 3 4 5
Curry rice, hashed beef rice 0 1 2 3 4 5
B Bread
Plain bread 0 1 2 3 4 5
Bread rolls, croissants, French bread 0 1 2 3 4 5
Sweet bread, side dish bread, sandwiches, hamburgers, and 0 1 " 3 4 5
pizza.
B Noodles, etc.
Noodles (ramen, udon, soba, pasta, etc.) 0 1 2 3 4 5
Okonomiyaki (savory Japanese—style of pancake.) 0 1 2 3 4 5
Cereal 0 1 2 3 4 5
H Soup
Soup 0 1 2 3 4 5
Stew 0 1 2 3 4 5
Japanese hot pot dish 0 1 2 3 4 5
B Main and side dishes
Simmered Food (main dishes: pot—au—feu, meat potato, etc.) 0 1 2 3 4 5
Simmered Food (side dishes: hijiki seaweed, dried strips of
. 0 1 2 3 4 5
radish, etc.)
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Deep—fried food

Grilled fish (grilled fish, grilled meat, hamburger steak, fried egg,

etc.)

Stir—fried food (stir—fried vegetables, mapo tofu, roasted eggs,

etc.)

Boiled and steamed food (hot vegetables, boiled eggs,

chawanmushi, shumai, etc.)

Raw food (sashimi, natto, tofu, cod roe, etc.)

Salad, raw vegetables

Vinegared food

Ohitashi (boiled spinach seasoned with soy sauce)

Japanese pickles

B Cheese, fruits, desserts, sweets, etc.

Cheese, dried fruits, nuts

Fruits (except berries)

Fruits (berries)

Yogurt, pudding, jelly, ice cream

Cakes, pies, tarts

Traditional Japanese sweets

Fried confectionery
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[Water intake]
@ Drink intake

frequency amount
More
than
one
day a
Almost
Time Beverage Don’t i iz 2E | Wb every Don't |about 100bout 200About 500 mL|
. but day a | days a days a -
drink day a |drink ImL mL 350 mL or more
less week week week
week
than
one
day a
week
Tea 1
Water 1
1. After
waking  up- [Coffee 1
before Milk and yogurt drink 1
breakfast - N
Fruit and vegetable drinks 1
(Other soft drinks 1
Tea 1
Water 1
2. At [Coffee 1
breakfast Milk and yogurt drink 1
Fruit and vegetable drinks 1
(Other soft drinks 1
Tea 1
Water 1
3. After |Coffee 1
breakfast-

before lunch

Milk and yogurt drink

Fruit and vegetable drinks

(Other soft drinks

4. At lunch

Tea

Water

Coffee

Milk and yogurt drink

Fruit and vegetable drinks
(Other soft drinks

5.

After

lunch—before

Tea

Water

Coffee

Milk and yogurt drink

dinner
Fruit and vegetable drinks 1
(Other soft drinks 1
Tea 1
Water 1
Coffee 1
6. At supper — -
Milk and yogurt drink 1
Fruit and vegetable drinks 1
(Other soft drinks 1
Tea 1
7. After Water !
supper to 30 |Coffee 1
minutes - -
before Milk and yogurt drink 1
bedtime 1

Fruit and vegetable drinks
(Other soft drinks
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bedtime 3 ;
Fruit and vegetable drinks

Tea 0 1 2 3 4 5 A B c D E
water 0 1 2 3 4 5 A B c D E

8. 30 minutes
before Coffee 0 1 2 3 4 5 A B c D E
bedtime  to |Wilk and yogurt drink 0 1 2 3 4 5 A B c D E
0 2 3 4 5 A B c D E
0 2 3 4 5 A B c D E

Other soft drinks

@ Water intake habits

Your awareness of water intake

1. Try to drink water even if
you aren't thirsty

2. Try to drink when you feel
thirsty

3. Not particularly conscious

How do you drink water

1. Little by little

2. Drink much at once

Your water intake compared to that of
others

1. More than others

2. As much as anyone else.

3. Less than others

Wake up and drink water while in bed 1. Always 2. Sometimes 3. Never
Bring dr!nks from home when going out for 1. Always 2 Sometimes 3 Never
long periods of time
Put sugar in coffee and tea 1. Always 2. Sometimes 3. Never
[Alcohol intake]
@ Alcohol intake
frequency amount
More
than
one day
Types of alcoholic a Almost
beverages [definition of Do not month dOne i B & 3 ® 6 every Do not 1 drink 2 drink 3 drink 4 drinks
one drink]. drink but ayk @ aysk 2 aysk @ day a |drink mn s rinks or more
lees wee weel weel waalk
than
one day
a week
Beer [500 mL or 1 medium
bottle or 1 beer mugl 0 ! 2 3 4 5 A B c D E
Chu-hai and sour [350 mL] 0 1 2 3 4 5 A B c D £
Shochu, and Awamori [100|
TLepl e 0 1 2 3 4 5 A B ] D E
Sake [180 mL] 0 1 2 3 4 5 A B c D E
Whiskey, brandy, gin, vodka 0 1 2 3 4 5 A B c D E
[30 mL or single cup]
Wine [120 mL or 1 glass] 0 1 2 3 4 5 A B c D E
@ Alcohol intake habits
Have many opportunities to drink alcohol 1. Yes 2. No
Drink alcohol during the day on non—working day 1. Yes 2. No
Eat too much when drinking alcohol 1. Yes 2. No
Eat low—calorie snacks when drinking alcohol 1. Yes 2. No
Not drink alcohol more than two days a week 1. Yes 2. No
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[Physical condition and constitution]

€ Regarding your family (grandparents, parents, siblings)
Someone in your family has/had diabetes 1. Yes 2. No
Someone in your family is/was obesity 1. Yes 2. No
Someone in your family has/had dementia 1. Yes 2. No
Someone in your family has/had thinning hair 1. Yes 2. No
4 Physical condition
Feel energetic 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Get tired easily 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Feel out of breath easily 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Feel your heart pounding 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
farlif:; th:i:: Sludlieizeils e ) e deeme i 1. Always 2. Frequently 3. Sometimes | 4. Seldom 5. Never
Nausea and abdominal bloating 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Cold hands and feet even in warm places 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
gg;il:sj. Lr‘lp:,rianseec:h:trc.‘;han hands and feet (back, 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
sweat even though not doing anything 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Greasy forehead 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Dry skin and lips 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Greasy nose 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Acne and pimples 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Sticky mouth 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Feel thirsty 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Diarrhea after intake cold food 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Sticky stool and feel of incomplete defecation 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Hard stool and constipation 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Bleed when brushing teeth 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Gingival recession and wide tooth gaps 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
Food or drink stings your teeth. 1. Always 2. Frequently 3. Sometimes 4. Seldom 5. Never
4 Your constitution
Easy to get fat 1. Yes 2. No
Hard to build muscle even after exercising 1. Yes 2. No
Cannot go through with a diet 1. Yes 2. No 3 have never been on a diet
Regained weight after a diet 1. Yes 2. No 3 have never been on a diet
Gained more than 10 kg after the age of 20 1. Yes 2. No
Gained more than 10 kg after the age of 20 1. Yes 2. No
Weight has changed by more than 3 kg in the | 1. Yes 2. No
last year
Go to the bathroom more often than others | 1. Yes 2. No
Lower abdomen sticks out 1. Yes 2. No
Concerned about hair loss 1. Yes 2. No
Hair getting thinner 1. Yes 2 No
Flabby belly 1. Yes 2 No
Regular teeth 1. Yes 2. No
Tooth decay 1. Yes 2. No
Periodontal disease or alveolar pyorrhea 1. Yes 2. No
Often wear warm clothes in winter 1. Yes 2. No
Sensitive to cold 1. Yes 2. No

56




[Workstyle and lifestyle]

4 Workstyle
I, Fultime | 2 Part—time | o Other than 1.
Workstyle 2 or
work work
unemployed
Do you have a night shift? 1. Yes 2. No 3. Unemployed
1. Sedentary | 2 Standing

Job description

work work

3. Physical work

4. Unemployed

Requires complicated

thinking

1. Yes 2. No

3. Unemployed

Overtime in a month

1. 80 hours or
more

2. 60 hours or

3. 40 hours or

and less | more and less

4. 20 hours or
more and less

5 Less than 20

6. Unemployed

more than 80 hours than 60 hours than 40 hours hours
Often go home after 20:00 1. Yes 2. No 3. Unemployed
4 Oral hygiene habits
Select all the times you 4. Within 1 hour 5. Before gaing to

brush your teeth

1. After waking up 2.

After breakfast 3. After lunch

after supper

bed (after 1 hour
after supper)

Use a dental floss or an
interdental brush

1. Every day 2.

4-6 times a week | 3. 2-3 times a week

4. Once a week

5. Less than once a
week

Use mouth rinse

1. Every day 2.

4-6 times a week | 3. 2-3 times a week

4. Once a week

5. Less than once a
week

Frequency of toothbrush

5. Do not replace

P 1. Within 1 month 2. Every 2 months 3. Every 3 months 4. Every 4 months for more than 4
months
4 Lifestyle
Walk faster than others 1. Yes 2. No
Often need to take stairs 1. Yes 2. No
Try to use stairs instead of elevator or escalator 1. Yes 2. No
Take time to soak in bath :T;Oio min o 2. About 20 min | 3. About 10 min | 4. About 5 min | 5. shower only
Often lie down right after eating. 1. Yes 2. No
Often spend non—working days at home 1. Yes 2. No

4 Screen time (TV, computer, tablet, smart

phone, etc.)

. . 2. 5 hours or more | 3. 3 hours or more | 4. 1 hour or more
On working day (if vou 5. less than one
, 1. 7 hours or more and less than 7 | and less than 5 | and less than 3
don’ t work, on weekdays) hour
hours hours hours
@l eremeiirg d 6 s 2. 5 hours or more | 3. 3 hours or more | 4. 1 hour or more 5 less than one
. 1. 7 hours or more and less than 7 | and less than 5 | and less than 3
don’ t work, on weekend) hour
hours hours hours
4 Please select all the benefits and target organs of supplements that you take at least 4 times a week.
1. Beauty and skin 2. Health maintenance 3. Joint 4. Fatigue recovery 5. Nutrition
and improvement
6. Eye 7. Antioxidant and anti— 8. Weight loss 9. Slimming (becomes slim 10. Body fat suppression

aging

with good style)

11. Stiffness and pain in

the neck, shoulders, and | 12. Bone 13. High blood pressure 14. Muscle 15. I.30wlel control  and
back constipation
16. Anticoagulant 17. Others 18. Do not  take

supplements
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B. Characteristics of the preprocessed questionnaire answers for
each glycometabolic category

Category 1

Category 2

Category 3

Category 4

@ Activity intensity

How did you spend your working days?

1.83 (1.78-1.88)

1.79 (1.71-1.86)

1.89 (1.79-1.98)

1.79 (1.71-1.86)

How did you spend your non-working days?

1.51 (1.45-1.57)

1.42 (1.35-1.50)

1.51 (1.41-1.61)

1.51 (1.43-1.59)

@ Travel method and time required (working days)

On foot 3.10 (3.00-3.20) |3.15 (3.02-3.27) [3.14 (2.95-3.33) |3.17 (3.03-3.32)
Running 4.84 (4.79-4.89) |4.84 (4.77-4.91) |4.74 (4.63-4.85) |4.81 (4.71-4.90)
By bicycle 4.52 (4.44-4.59) |4.55 (4.45-4.65) |4.50 (4.35-4.64) |4.54 (4.43-4.65)
By train/bus 3.49 (3.37-3.61) |3.52 (3.33-3.71) [3.46 (3.22-3.70) |3.51 (3.31-3.70)

By car/motorcycle

4.65 (4.57-4.73)

4.46 (4.31-4.61)

4.57 (4.41-4.74)

4.58 (4.45-4.71)

@ Travel method and time required (non-working days)

On foot 3.48 (3.39-3.57) |3.53 (3.40-3.66) |3.61 (3.44-3.77) |3.48 (3.34-3.62)
Running 4.76 (4.70-4.82) |4.80 (4.72-4.89) |4.77 (4.67-4.88) |4.78 (4.69-4.87)
By train/bus 4.39 (4.31-4.47) |4.33 (4.21-4.45) |4.26 (4.08-4.45) |4.35 (4.22-4.49)
By car/motorcycle 4.50 (4.41-4.58) |4.17 (4.00-4.33) |4.37 (4.18-4.55) |4.23 (4.06-4.39)
& Duration of exercise (weekly total)

Walking 4.00 (3.87-4.12) |4.24 (4.08-4.39) |4.10 (3.87-4.33) |3.83 (3.62-4.04)
Swimming 4.93 (4.89-4.97) |4.96 (4.91-5.00) |4.90 (4.82-4.99) |4.94 (4.88-4.99)
Strength training 4.52 (4.44-4.60) |4.60 (4.49-4.71) |4.61 (4.47-4.75) |4.57 (4.44-4.71)
Other exercises 4.43 (4.32-4.53) |4.56 (4.43-4.70) |4.59 (4.41-4.76) |4.58 (4.44-4.71)

@ Please select the one that applies to your exercise situation and

awareness of exercise.

You joined a sports gym

1.87 (1.83-1.90)

1.86 (1.82-1.91)

1.86 (1.81-1.92)

1.89 (1.84-1.93)

You own athletic shoes or gym clothes

1.28 (1.24-1.32)

1.32 (1.25-1.38)

1.33 (1.25-1.41)

1.29 (1.22-1.35)

Time of exercise (before meals)

1.83 (1.80-1.87)

1.88 (1.84-1.93)

1.86 (1.80-1.92)

1.86 (1.81-1.91)

Time of exercise (after meals)

1.90 (1.87-1.93)

1.92 (1.89-1.96)

1.89 (1.83-1.94)

1.93 (1.90-1.97)

Time of exercise (both before and after meals)

1.98 (1.96-1.99)

1.99 (1.98-2.00)

1.98 (1.96-2.01)

1.99 (1.97-2.00)

Time of exercise (not decided in particular)

1.65 (1.61-1.70)

1.67 (1.60-1.73)

1.72 (1.64-1.80)

1.59 (1.52-1.66)

Time of exercise (No exercise habits)

1.63 (1.59-1.68)

1.54 (1.47-1.61)

1.55 (1.46-1.63)

1.63 (1.56-1.70)
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@ Sleep habits

Average sleeping time

2.95 (2.86-3.03)

2.85 (2.74-2.97)

2.98 (2.84-3.11)

2.88 (2.75-3.01)

Variation in bedtime

1.31(1.26-1.37)

1.34 (1.25-1.43)

1.26 (1.17-1.36)

1.34 (1.25-1.43)

Falling asleep

1.25 (1.21-1.29)

1.29 (1.23-1.35)

1.25 (1.17-1.32)

1.25 (1.19-1.31)

Variation in sleep duration

1.40 (1.34-1.45)

1.43 (1.34-152)

1.40 (1.29-1.51)

1.35 (1.26-1.44)

@ Sleep habits and drowsiness

Feel that you get enough sleep

2.54 (2.46-2.63)

2.56 (2.41-2.70)

2.67 (2.50-2.84)

2.58 (2.42-2.74)

Stay up late 3.27 (3.17-3.36) (3.35 (3.20-3.51) (3.53 (3.35-3.72) (3.49 (3.32-3.66)
Take sleeping pills 4.95 (4.93-4.98) 4.90 (4.84-4.96) |4.97 (4.93-5.01) |4.93 (4.88-4.99)
Drink alcohol to sleep 4.78 (4.72-4.84) |4.75 (4.66-4.84) |4.55 (4.37-4.73) |4.63 (4.50-4.75)
You fall asleep and wake up right away 4.40 (4.32-4.48) |4.35 (4.23-4.47) |4.33 (4.18-4.48) |4.21 (4.06-4.35)

Frequency of mobile phone and tablet computer

use at bedtime

2.16 (2.06-2.26)

2.09 (1.95-2.23)

2.33(2.13-2.53)

2.27 (2.10-2.44)

Spend in a bright room until just before going

to bed

2.43 (2.31-2.55)

2.44 (2.27-2.61)

2.52 (2.29-2.74)

2.42 (2.22-2.61)

Wake up in the middle of the night

3.83 (3.73-3.92)

3.68 (3.53-3.83)

3.54 (3.35-3.74)

3.49 (3.33-3.66)

Wake up during the night because you feel the

3.97 (3.87-4.07) |3.87 (3.73-4.02) |3.63 (3.42-3.84) |3.63 (3.44-3.81)
need to go to the toilet.
Wake up in the middle of the night and have

4.32 (4.25-4.40) |4.28 (4.16-4.40) |4.25 (4.09-4.40) |4.16 (4.02-4.30)
difficulty sleeping afterward
Feel suffocation during sleep 4.90 (4.87—4.93) |14.90 (4.85-4.95) (4.91 (4.86-4.96) |4.81 (4.73-4.90)

When you wake up in the morning still feel

sleepy and tired

3.14 (3.03-3.24)

3.23 (3.07-3.39)

3.35(3.18-3.53)

3.28 (3.11-3.45)

Wake up refreshed in the morning

2.84 (2.75-2.93)

2.86 (2.70-3.02)

2.74 (2.57-2.92)

2.61 (2.46-2.76)

Feel sticky in the mouth when you wake up in

the morning

3.59 (3.48-3.70)

3.70 (3.54-3.87)

3.66 (3.46-3.87)

3.47 (3.29-3.66)

Not hungry when you wake up in the morning.

3.50 (3.39-3.61)

3.50 (3.33-3.66)

352 (3.32-3.72)

3.44 (3.27-3.62)

Become drowsy after a meal

2.82 (2.71-2.93)

2.98 (2.83-3.13)

2.97 (2.77-3.17)

3.04 (2.88-3.19)

Wake up late on a non-working day

3.48 (3.38-3.59)

3.47 (3.31-3.62)

3.48 (3.28-3.68)

3.69 (3.51-3.87)

You cannot wake up on a non-working day

without an alarm clock.

4.03 (3.92-4.14)

4.00 (3.84-4.17)

4.21 (4.02-4.41)

4.21 (4.03-4.38)

Take a nap on a non-working day

3.62 (3.51-3.72)

3.54 (3.40-3.68)

3.74 (3.56-3.91)

3.49 (3.32-3.67)

Have habits to sleep well

1.83 (1.79-1.86)

1.86 (1.82-1.91)

1.85 (1.79-1.91)

1.81 (1.75-1.86)
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Have been told that you have stopped breathing

during sleep

1.94 (1.91-1.96)

1.89 (1.85-1.94)

1.94 (1.90-1.98)

1.88 (1.84-1.93)

Have been told you snore

1.48 (1.43-1.52)

1.40 (1.34-1.47)

1.47 (1.38-1.55)

1.30 (1.23-1.37)

Have been told you are bruxing your teeth

during sleeping

1.68 (1.63-1.72)

1.69 (1.63-1.75)

1.77 (1.70-1.85)

1.68 (1.61-1.75)

@ Frequency and duration

Frequency of eating breakfast per week

1.67 (1.57-1.78)

1.57 (1.44-1.70)

1.74 (1.55-1.94)

1.57 (1.42-1.73)

Time required for breakfast

3.25 (3.16-3.33)

3.18 (3.06-3.31)

3.15 (2.99-3.31)

3.25 (3.12-3.38)

Frequency of eating lunch per week

1.20 (1.15-1.25)

1.16 (1.10-1.22)

1.33 (1.20-1.46)

1.23(1.15-1.31)

Time required for lunch

2.48 (2.40-2.56)

2.39 (2.28-2.51)

2.51 (2.37-2.66)

2.52 (2.39-2.65)

Frequency of eating supper per week

1.08 (1.05-1.12)

1.08 (1.03-1.12)

1.13 (1.04-1.22)

1.16 (1.09-1.24)

Time required for supper

1.97 (1.89-2.05)

1.81 (1.70-1.92)

1.86 (1.71-2.01)

1.92 (1.79-2.04)

Frequency of eating after-supper snacks per

week

4.37 (4.27-4.47)

4.35 (4.20-4.50)

4.47 (4.30-4.64)

4.49 (4.36-4.63)

Time required for after-supper snacks

3.21 (3.14-3.28)

3.06 (2.98-3.15)

3.11 (2.98-3.23)

3.13 (3.04-3.23)

Frequency of snacking per week (between
breakfast and lunch or between lunch and

dinner)

3.40 (3.27-3.53)

3.24 (3.04-3.44)

3.56 (3.32-3.79)

3.63 (3.43-3.82)

Time required for snacks (between breakfast

and lunch or between lunch and dinner)

4.07 (4.00-4.14)

3.98 (3.87-4.09)

4.05 (3.93-4.18)

4.04 (3.95-4.13)

@ Meal timing

Eat breakfast at about the same time

1.05 (1.03-1.07)

1.09 (1.05-1.13)

1.05 (1.01-1.08)

1.08 (1.04-1.12)

Eat lunch at about the same time

1.13 (1.10-1.16)

1.11 (1.06-1.15)

1.11 (1.05-1.16)

1.13 (1.08-1.18)

Eat supper at about the same time

1.19 (1.16-1.23)

1.15 (1.10-1.20)

1.16 (1.10-1.22)

1.14 (1.09-1.19)

Eat after-supper snacks at about the same time

1.13 (1.10-1.17)

1.13 (1.08-1.17)

1.14 (1.08-1.20)

1.12 (1.07-1.17)

Eat snacks (between breakfast and lunch or
between lunch and dinner) at about the same

time

1.31 (1.27-1.36)

1.27 (1.21-1.33)

1.29 (1.21-1.36)

1.25 (1.19-1.31)

@ Dietary habits

Frequency of consuming yogurt and probiotics

drinks

3.70 (3.58-3.83)

351 (3.32-3.71)

3.63 (3.39-3.87)

3.55 (3.34-3.75)

Which do you usually eat: rice or bread?

1.99 (1.88-2.11)

2.15 (1.97-2.33)

1.81 (1.62-2.00)

2.14 (1.95-2.32)
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Amount of rice you usually eat compared to one

serving of rice at a restaurant

3.22 (3.12-3.31)

3.17 (3.04-3.31)

3.11 (2.92-3.29)

3.21 (3.05-3.36)

Amount of the main dish you usually eat
compared to one serving of the main dish at a

restaurant

3.01 (2.92-3.10)

2.92 (2.80-3.04)

2.81 (2.65-2.97)

2.84 (2.71-2.97)

Frequency of soup intake

3.14 (3.04-3.24)

3.20 (3.07-3.33)

3.01 (2.84-3.18)

3.11 (2.96-3.26)

Frequency of noodles intake

3.22 (3.12-3.31)

3.13 (2.99-3.26)

3.16 (2.99-3.33)

3.18 (3.04-3.33)

Frequency of vegetable intake

2.85 (2.76-2.95)

2.93 (2.80-3.07)

2.84 (2.67-3.01)

2.79 (2.64-2.94)

Amount of soup left in a noodle dish

2.95 (2.83-3.08)

3.06 (2.88-3.25)

2.55 (2.32-2.78)

2.87 (2.67-3.07)

@ Characteristics of your diet

Try to eat a well-balanced diet

1.24 (1.20-1.28)

1.23 (1.17-1.29)

1.18 (1.11-1.25)

1.20 (1.14-1.26)

Try not to overeat

1.46 (1.41-1.50)

1.47 (1.40-1.53)

1.49 (1.40-1.57)

1.40 (1.33-1.47)

Try to choose a low-carbohydrate diet

1.68 (1.64-1.72)

1.62 (1.55-1.69)

1.65 (1.57-1.74)

1.62 (1.55-1.69)

faster to eat than others

1.54 (1.50-1.59)

1.44 (1.37-151)

1.54 (1.46-1.63)

1.44 (1.37-1.51)

Try to choose a low-salt diet

1.54 (1.49-1.58)

1.49 (1.42-1.56)

1.61 (1.53-1.69)

1.55 (1.48-1.62)

Try to eat vegetables first

1.27 (1.23-1.31)

1.31(1.25-1.37)

1.26 (1.19-1.34)

1.26 (1.20-1.32)

Often eat sweets

1.41 (1.36-1.45)

1.41 (1.34-1.48)

1.51 (1.43-1.60)

1.51 (1.43-1.58)

Often eat seafood, tofu, and beans.

1.40 (1.35-1.44)

1.39 (1.33-1.46)

1.35 (1.27-1.44)

1.32 (1.25-1.39)

Eat more than other people

1.64 (1.60-1.69)

1.61 (1.54-1.67)

1.63 (1.55-1.71)

1.55 (1.48-1.62)

Often have a large serving and extra serving

1.76 (1.72-1.80)

1.78 (1.72-1.84)

1.77 (1.69-1.84)

1.76 (1.70-1.82)

Feel unsatisfied without rice dishes or noodles

after drinking alcohol

1.83 (1.80-1.87)

1.87 (1.82-1.92)

1.81 (1.75-1.88)

1.85 (1.80-1.90)

Finish supper two hours before going to bed

1.29 (1.25-1.33)

1.29 (1.23-1.35)

1.28 (1.20-1.36)

1.23 (1.17-1.29)

Meals served one by one

1.28 (1.24-1.33)

1.29 (1.22-1.35)

1.22 (1.15-1.29)

1.24 (1.18-1.30)

Often eat after-meal dessert

1.20 (1.16-1.23)

1.21 (1.16-1.27)

1.22 (1.15-1.29)

1.27 (1.21-1.34)

Often add salt or soy sauce to dishes.

1.82 (1.79-1.86)

1.84 (1.79-1.89)

1.80 (1.74-1.87)

1.76 (1.70-1.82)

Try to choose meat with less fat and remove

excess fat.

1.52 (1.48-1.57)

1.54 (1.48-1.61)

1.59 (1.51-1.68)

1.58 (1.51-1.65)

Often eat until you're full.

1.43 (1.38-1.47)

1.35(1.28-1.42)

1.44 (1.35-1.52)

1.48 (1.41-1.55)

Often eat rice dishes or noodles, or sweets after

drinking alcohol.

1.74 (1.70-1.78)

1.76 (1.70-1.82)

1.79 (1.72-1.86)

1.77 (1.71-1.83)

Hardly ever cook at home

1.65 (1.61-1.69)

1.65 (1.58-1.72)

1.72 (1.64-1.80)

1.67 (1.61-1.74)

Try to chew well and eat

1.48 (1.44-153)

1.48 (1.41-1.55)

1.55 (1.46-1.63)

1.51 (1.43-1.58)
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After supper, go to bed on a full stomach.

1.75 (1.71-1.79)

1.71 (1.65-1.78)

1.71 (1.63-1.78)

1.74 (1.68-1.80)

Try to eat a lot of vegetables

1.35 (1.31-1.39)

1.33 (1.27-1.40)

1.32 (1.24-1.40)

1.31(1.24-1.37)

@ Meal details (days of intake per week)

Rice ball

1.83 (1.71-1.95)

1.92 (1.74-2.11)

1.80 (1.58-2.02)

1.75 (1.57-1.94)

Rice porridge and risotto

0.64 (0.57-0.71)

0.70 (0.59-0.82)

0.59 (0.46-0.71)

0.69 (0.57-0.81)

Japanese seasoned rice with vegetables

0.80 (0.73-0.87)

0.83 (0.73-0.93)

0.82 (0.70-0.94)

0.84 (0.75-0.94)

Rice (white rice, brown rice, barley rice, etc.)

4.24 (4.15-4.34)

4.19 (4.04-4.33)

4.35 (4.18-4.52)

4.08 (3.93-4.24)

Fried rice, pilaf, and omelet rice

1.34 (1.26-1.42)

1.24 (1.13-1.36)

1.26 (1.11-1.41)

1.27 (1.15-1.39)

Sushi

1.00 (0.94-1.07)

1.01 (0.91-1.10)

1.04 (0.91-1.16)

0.94 (0.85-1.04)

Bowl of rice with a topping

1.38 (1.29-1.46)

1.38 (1.26-1.51)

1.37 (1.22-1.51)

1.26 (1.14-1.38)

Curry rice, hashed beef rice

1.31(1.25-1.38)

1.23(1.14-1.33)

1.40 (1.28-1.51)

1.26 (1.16-1.36)

Plain bread

2.22 (2.08-2.36)

2.22 (2.01-2.44)

2.13 (1.86-2.40)

2.18 (1.95-2.40)

Bread rolls, croissants, French bread

1.15 (1.05-1.24)

1.17 (1.02-1.33)

1.11 (0.94-1.27)

1.18 (1.03-1.33)

Sweet bread, side dish bread, sandwiches,

hamburgers, and pizza.

2.03 (1.91-2.14)

1.88 (1.72-2.04)

1.83 (1.63-2.02)

1.87 (1.69-2.04)

Noodles (ramen, udon, soba, pasta, etc.)

2.11 (2.02-2.20)

2.23 (2.08-2.37)

2.28 (2.12-2.43)

2.03 (1.89-2.18)

Okonomiyaki (savory Japanese style of

pancake.)

0.78 (0.71-0.84)

0.75 (0.65-0.85)

0.73 (0.62-0.84)

0.75 (0.64-0.85)

Cereal

0.82 (0.70-0.94)

0.79 (0.61-0.97)

0.71 (0.50-0.93)

0.69 (0.53-0.86)

Japanese hot pot dish

3.32 (3.18-3.45)

3.09 (2.89-3.30)

3.60 (3.38-3.83)

3.39 (3.19-3.60)

Stew

0.76 (0.70-0.83)

0.69 (0.59-0.78)

0.70 (0.59-0.80)

0.73 (0.63-0.84)

Other soup

1.03 (0.95-1.11)

0.91 (0.78-1.04)

1.03 (0.87-1.19)

1.02 (0.89-1.14)

Simmered Food (main dishes: pot-au-feu, meat

potato, etc.)

1.87 (1.77-1.97)

1.90 (1.73-2.06)

1.86 (1.67-2.05)

1.87 (1.71-2.04)

Simmered Food (side dishes: hijiki seaweed,

dried radish strips, etc.)

1.79 (1.69-1.90)

1.70 (1.54-1.86)

1.68 (1.48-1.87)

1.74 (1.57-1.92)

Deep-fried food

2.14 (2.05-2.23)

2.08 (1.94-2.21)

2.23 (2.06-2.40)

2.15 (2.02-2.29)

Grilled dish (grilled fish, meat, hamburger

steak, fried egg, etc.)

2.57 (2.49-2.66)

2.52 (2.39-2.66)

2.80 (2.65-2.96)

2.69 (2.55-2.83)

Stir-fried food (stir-fried vegetables, mapo tofu,

roasted eggs, etc.)

2.56 (2.47-2.64)

2.45 (2.31-2.59)

2.56 (2.41-2.71)

2.47 (2.34-2.60)

Boiled and steamed food (hot vegetables, boiled

eggs, chawanmushi, shumai, etc.)

1.91 (1.81-2.01)

1.90 (1.74-2.06)

2.08 (1.89-2.28)

1.88 (1.71-2.04)
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Raw food (sashimi, natto, tofu, cod roe, etc.)

2.43 (2.32-2.55)

2.46 (2.29-2.63)

2.63 (2.41-2.85)

2.42 (2.25-2.59)

Salad, raw vegetables

3.29 (3.18-3.40)

3.25 (3.08-3.43)

3.44 (3.25-3.64)

3.35 (3.17-3.54)

Vinegared food

1.18 (1.08-1.28)

1.21 (1.05-1.37)

1.26 (1.06-1.46)

1.32 (1.16-1.48)

Ohitashi (boiled spinach seasoned with soy

sauce)

1.32 (1.22-1.43)

1.27 (1.12-1.43)

1.32 (1.15-1.50)

1.30 (1.14-1.46)

Japanese pickles

1.61 (1.49-1.73)

1.59 (1.41-1.77)

1.68 (1.44-1.93)

1.61 (1.41-1.81)

Cheese, dried fruits, nuts

2.44 (2.30-2.57)

2.57 (2.35-2.79)

2.49 (2.22-2.76)

2.47 (2.27-2.67)

Fruits (except berries)

1.99 (1.86-2.11)

1.98 (1.77-2.19)

1.76 (1.53-1.99)

2.07 (1.87-2.27)

Fruits (berries)

1.35 (1.23-1.46)

1.43 (1.27-1.60)

1.25 (1.05-1.45)

1.35 (1.19-1.51)

Yogurt, pudding, jelly, ice cream

2.41 (2.27-2.54)

2.44 (2.24-2.64)

2.32 (2.05-2.60)

2.46 (2.24-2.68)

Cakes, pies, tarts

1.19 (1.11-1.27)

1.16 (1.04-1.28)

1.12 (0.96-1.28)

1.02 (0.91-1.13)

Traditional Japanese sweets

1.11 (1.03-1.18)

1.13 (1.00-1.25)

1.07 (0.91-1.23)

1.11 (0.98-1.24)

Fried confectionery

2.14 (2.02-2.25)

2.27 (2.10-2.44)

2.18 (1.96-2.40)

2.10 (1.90-2.30)

@ Drink intake (after waking up-before breakfast)

Tea (frequency)

1.78 (1.59-1.96)

1.85 (1.57-2.14)

1.59 (1.23-1.94)

1.69 (1.39-1.99)

Water (frequency)

3.03 (2.83-3.22)

3.19 (2.90-3.47)

3.05 (2.69-3.42)

3.23 (2.92-3.53)

Coffee (frequency)

1.81 (1.61-2.01)

2.05 (1.75-2.34)

1.87 (1.50-2.25)

1.84 (1.54-2.14)

Milk and yogurt drink (frequency)

1.29 (1.13-1.45)

1.21 (0.99-1.44)

0.92 (0.66-1.18)

1.10 (0.87-1.33)

Fruit and vegetable drinks (frequency)

0.77 (0.65-0.88)

0.86 (0.67-1.05)

0.56 (0.37-0.74)

0.82 (0.62-1.02)

Other soft drinks (frequency)

0.66 (0.55-0.77)

0.64 (0.48-0.80)

0.62 (0.42-0.83)

0.54 (0.38-0.69)

@ Drink intake (at breakfast)

Tea (frequency)

1.82 (1.63-2.01)

1.97 (1.68-2.25)

1.86 (1.51-2.21)

1.82 (1.52-2.12)

Water (frequency)

2.11 (1.91-2.32)

2.14 (1.83-2.44)

1.92 (1.56-2.29)

2.03 (1.72-2.35)

Coffee (frequency)

2.23 (2.03-2.43)

2.42 (2.13-2.72)

2.44 (2.07-2.81)

2.33 (2.03-2.62)

Milk and yogurt drink (frequency)

1.39 (1.22-1.55)

1.53 (1.29-1.78)

1.38 (1.08-1.67)

1.35 (1.12-1.59)

Fruit and vegetable drinks (frequency)

0.79 (0.67-0.91)

0.90 (0.71-1.09)

0.68 (0.48-0.89)

0.9 (0.78-1.20)

Other soft drinks (frequency)

0.40 (0.31-0.50)

0.43 (0.29-0.56)

0.38 (0.22-0.54)

0.44 (0.28-0.59)

@ Drink intake (after breakfast-before lunch)

Tea (frequency)

2.00 (1.82-2.19)

2.28 (2.00-2.56)

1.94 (1.60-2.28)

2.29 (2.00-2.59)

Water (frequency)

2.40 (2.20-2.60)

2.37 (2.08-2.66)

2.24 (1.88-2.60)

2.46 (2.15-2.77)

Coffee (frequency)

2.06 (1.87-2.24)

2.02 (1.75-2.30)

2.10 (1.74-2.45)

2.01 (1.72-2.29)

Milk and yogurt drink (frequency)

0.62 (0.50-0.74)

0.59 (0.41-0.76)

0.49 (0.29-0.69)

0.66 (0.49-0.84)
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Fruit and vegetable drinks (frequency)

0.44 (0.35-0.54)

0.50 (0.36-0.64)

0.37 (0.23-0.50)

0.59 (0.43-0.75)

Other soft drinks (frequency)

0.50 (0.40-0.60)

0.56 (0.41-0.71)

0.64 (0.44-0.84)

0.69 (0.51-0.87)

@ Drink intake (at lunch)

Tea (frequency)

2.71 (2.53-2.88)

3.08 (2.82-3.35)

2.92 (2.60-3.25)

2.82 (2.55-3.09)

Tea (amount)

1.55 (1.44-1.65)

1.72 (1.56-1.88)

1.70 (1.51-1.89)

1.56 (1.40-1.73)

Water (frequency)

2.27 (2.08-2.45)

2.39 (2.11-2.67)

2.21 (1.88-2.55)

2.29 (2.01-2.58)

Coffee (frequency)

1.37 (1.21-153)

1.40 (1.15-1.64)

1.41 (1.13-1.70)

1.29 (1.06-1.53)

Milk and yogurt drink (frequency)

0.49 (0.39-0.60)

0.49 (0.34-0.64)

0.53 (0.34-0.71)

0.61 (0.44-0.78)

Fruit and vegetable drinks (frequency)

0.49 (0.40-0.58)

0.45 (0.31-0.58)

0.48 (0.31-0.65)

0.62 (0.46-0.78)

Other soft drinks (frequency)

0.49 (0.40-0.59)

0.49 (0.34-0.63)

0.49 (0.32-0.65)

0.57 (0.42-0.73)

@ Drink intake (after lunch-before dinner)

Tea (frequency)

2.29 (2.12-2.47)

2,51 (2.25-2.78)

2.15 (1.82-2.48)

2.38 (2.12-2.65)

Coffee (frequency)

2.23 (2.06-2.41)

2.22 (1.96-2.48)

2.38 (2.05-2.72)

2.11 (1.83-2.39)

Milk and yogurt drink (frequency)

0.58 (0.47-0.68)

0.58 (0.41-0.75)

0.41 (0.25-0.58)

0.54 (0.38-0.70)

Fruit and vegetable drinks (frequency)

0.44 (0.37-0.52)

0.48 (0.35-0.60)

0.41 (0.27-0.56)

0.53 (0.38-0.67)

Other soft drinks (frequency)

0.72 (0.61-0.83)

0.70 (0.54-0.86)

0.76 (0.55-0.97)

0.78 (0.60-0.96)

@ Drink intake (at supper)

Tea (frequency)

2.42 (2.23-2.61)

2.73 (2.45-3.02)

2.58 (2.20-2.95)

2.41 (2.10-2.71)

Water (frequency)

2.03 (1.84-2.22)

2.13 (1.85-2.42)

2.03 (1.68-2.38)

2.05 (1.75-2.34)

Coffee (frequency)

0.47 (0.36-0.58)

0.47 (0.30-0.64)

0.38 (0.19-0.56)

0.58 (0.40-0.77)

Milk and yogurt drink (frequency)

0.29 (0.22-0.37)

0.28 (0.17-0.40)

0.26 (0.12-0.39)

0.35 (0.21-0.49)

Fruit and vegetable drinks (frequency)

0.31 (0.24-0.39)

0.34 (0.21-0.48)

0.31 (0.16-0.46)

0.35 (0.23-0.47)

Other soft drinks (frequency)

0.52 (0.42-0.63)

0.44 (0.29-0.58)

0.48 (0.30-0.66)

0.54 (0.37-0.70)

@ Drink intake (after supper to 30 minutes before bedtime)

Tea (frequency)

1.98 (1.79-2.16)

1.87 (1.61-2.13)

1.78 (1.43-2.13)

1.68 (1.40-1.96)

Water (frequency)

2.49 (2.30-2.68)

2.61 (2.32-2.90)

2.14 (1.77-2.50)

2.38 (2.08-2.69)

Coffee (frequency)

0.93 (0.78-1.07)

0.99 (0.76-1.22)

0.86 (0.60-1.12)

0.99 (0.74-1.23)

Milk and yogurt drink (frequency)

0.56 (0.46-0.67)

0.62 (0.44-0.79)

0.37 (0.21-0.53)

0.48 (0.33-0.63)

Fruit and vegetable drinks (frequency)

0.37 (0.29-0.44)

0.35 (0.23-0.48)

0.35 (0.21-0.49)

0.36 (0.24-0.49)

Other soft drinks (frequency)

0.56 (0.46-0.67)

0.48 (0.34-0.62)

0.62 (0.42-0.83)

0.59 (0.43-0.75)

@ Drink intake (30 minutes before bedtime to bedtime)

Tea (frequency)

0.85 (0.70-1.00)

0.74 (0.54-0.95)

0.94 (0.65-1.23)

0.67 (0.46-0.88)
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Water (frequency)

2.04 (1.85-2.24)

2.06 (1.77-2.35)

2.06 (1.69-2.43)

2.13 (1.82-2.43)

Coffee (frequency)

0.27 (0.19-0.35)

0.25 (0.13-0.38)

0.16 (0.04-0.28)

0.28 (0.15-0.42)

Milk and yogurt drink (frequency)

0.27 (0.18-0.35)

0.17 (0.08-0.27)

0.14 (0.05-0.23)

0.24 (0.12-0.36)

Fruit and vegetable drinks (frequency)

0.13 (0.08-0.17)

0.1 (0.04-0.17)

0.17 (0.06-0.27)

0.16 (0.07-0.24)

Other soft drinks (frequency)

0.25 (0.18-0.32)

0.22 (0.12-0.32)

0.31 (0.14-0.47)

0.23 (0.12-0.34)

@ Water intake habits

Try to drink water even if you aren't thirsty

1.57 (1.52-1.62)

1.57 (1.50-1.64)

1.64 (1.56-1.72)

1.54 (1.47-1.61)

Try to drink when you feel thirsty

1.64 (1.59-1.68)

1.63 (1.56-1.70)

1.65 (1.56-1.73)

1.67 (1.61-1.74)

Not particularly conscious

1.79 (1.75-1.83)

1.80 (1.75-1.86)

1.71 (1.64-1.79)

1.79 (1.73-1.85)

How do you drink water

1.25 (1.21-1.29)

1.24 (1.18-1.30)

1.32 (1.24-1.40)

1.29 (1.22-1.35)

Your water intake compared to that of others

1.90 (1.83-1.96)

1.95 (1.86-2.04)

1.85 (1.73-1.97)

1.74 (1.65-1.84)

Wake up and drink water while in bed

2.70 (2.65-2.75)

2.77 (2.69-2.84)

2.60 (2.49-2.71)

2.62 (2.53-2.71)

Bring drinks from home when going out for

long periods of time

1.85 (1.78-1.92)

1.84 (1.73-1.96)

1.89 (1.74-2.03)

1.81 (1.69-1.92)

Put sugar in coffee and tea

2.42 (2.35-2.49)

2.41 (2.31-2.52)

2.29 (2.14-2.43)

2.51 (2.40-2.62)

@ Alcohol intake

Beer (frequency)

1.06 (0.93-1.18)

0.97 (0.78-1.15)

1.29 (1.02-1.57)

1.26 (1.04-1.48)

Chu-hai and sour (frequency)

0.89 (0.78-1.00)

0.82 (0.66-0.98)

1.20 (0.93-1.46)

0.98 (0.78-1.17)

Shochu and Awamori (frequency)

0.25(0.19-0.32)

0.15 (0.07-0.23)

0.38 (0.21-0.56)

0.53 (0.37-0.69)

Sake (frequency)

0.26 (0.20-0.32)

0.22 (0.13-0.30)

0.19 (0.09-0.29)

0.24 (0.15-0.32)

Whiskey, brandy, gin, vodka (frequency)

0.22 (0.16-0.28)

0.12 (0.06-0.18)

0.31 (0.15-0.47)

0.29 (0.18-0.40)

Wine (frequency)

0.51 (0.43-0.60)

0.52 (0.39-0.66)

0.42 (0.27-0.57)

0.49 (0.37-0.62)

@ Alcohol intake habits

Have many opportunities to drink alcohol

1.82 (1.78-1.85)

1.82 (1.76-1.87)

1.75 (1.68-1.83)

1.76 (1.70-1.82)

Drink alcohol during the day on a non-working

day

1.92 (1.89-1.94)

1.87 (1.82-1.92)

1.88 (1.82-1.94)

1.88 (1.83-1.93)

Overeat when drinking alcohol

1.87 (1.84-1.90)

1.83 (1.78-1.89)

1.83 (1.76-1.89)

1.86 (1.81-1.91)

Eat low-calorie snacks when drinking alcohol

1.67 (1.62-1.71)

1.68 (1.62-1.75)

1.78 (1.71-1.85)

1.65 (1.58-1.72)

Not drink alcohol more than two days a week

1.23 (1.19-1.26)

1.23 (1.17-1.29)

1.35 (1.26-1.43)

1.21(1.15-1.27)

@ Regarding your family (grandparents, parents, siblings)

Someone in your family has/had diabetes

1.73 (1.69-1.77)

1.63 (1.56-1.70)

1.76 (1.69-1.83)

1.66 (1.60-1.73)

Someone in your family is/was obesity

1.77 (1.73-1.81)

1.77 (1.71-1.83)

1.74 (1.66-1.81)

1.72 (1.66-1.79)
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Someone in your family has/had dementia

1.85 (1.81-1.88)

1.82 (1.77-1.87)

1.86 (1.81-1.92)

1.79 (1.74-1.85)

Someone in your family has/had thinning hair

1.66 (1.61-1.70)

1.65 (1.58-1.72)

1.54 (1.46-1.63)

1.62 (1.55-1.69)

@ Physical condition

Feel energetic

2.13 (2.05-2.22)

2.16 (2.03-2.28)

2.20 (2.04-2.35)

2.20 (2.07-2.33)

Get tired easily

3.23 (3.14-3.33)

3.14 (3.00-3.28)

3.49 (3.32-3.66)

3.39 (3.24-3.55)

Feel out of breath easily 4.52 (4.45-4.60) (4.29 (4.15-4.42) |4.53 (4.39-4.68) |4.35 (4.22-4.49)
Feel your heart pounding 4.65 (4.59-4.71) |4.60 (4.50-4.71) |4.67 (4.55-4.79) |4.64 (4.54-4.74)
Prefer a quiet environment and find it

3.70 (3.59-3.81) |3.61 (3.45-3.77) |4.01 (3.83-4.18) |3.86 (3.70-4.02)

troublesome to talk to others

Nausea and abdominal bloating 4.34 (4.26-4.42) |14.18 (4.05-4.32) [4.52 (4.39-4.65) |4.27 (4.14-4.40)
Cold hands and feet even in warm places 4.35 (4.25-4.45) |4.31 (4.16-4.45) |4.52 (4.36-4.68) |4.55 (4.41-4.69)
Coldness in areas other than hands and feet

4.44 (4.35-4.54) |4.41 (4.28-4.54) |4.59 (4.43-4.76) |4.57 (4.44-4.69)
(back, abdomen, hips, knees, etc.)
sweat even though not doing anything 4.63 (4.56-4.71) |4.59 (4.49-4.68) [4.71 (4.60-4.81) |4.51 (4.37-4.64)
Greasy forehead 4.16 (4.06-4.27) |3.83 (3.67-3.99) |4.12 (3.92-4.32) |3.91 (3.73-4.08)

Dry skin and lips

3.66 (3.55-3.77)

3.71 (3.56-3.86)

3.60 (3.39-3.82)

3.73 (3.54-3.91)

Greasy nose

3.77 (3.66-3.88)

3.37 (3.19-3.55)

3.74 (3.53-3.96)

3.63 (3.45-3.81)

Acne and pimples

4.13 (4.03-4.23)

4.00 (3.85-4.14)

4.32 (4.15-4.49)

4.29 (4.16-4.43)

Feel thirsty 3.57 (3.48-3.66) [3.45 (3.31-3.60) |3.61 (3.44-3.78) |3.62 (3.48-3.77)
Diarrhea after intake of cold food 4.46 (4.37-4.54) |4.37 (4.24-4.50) |4.39 (4.24-4.54) |4.52 (4.41-4.64)
Sticky stool and feeling of incomplete

4.42 (4.34-4.49) |4.36 (4.23-4.49) |4.58 (4.46-4.70) |4.42 (4.30-4.53)
defecation
Hard stool and constipation 4.02 (3.91-4.12) |3.94 (3.77-4.10) [4.11 (3.92-4.29) |4.28 (4.14-4.43)
Bleed when brushing teeth 4.15 (4.06-4.24) |4.09 (3.96-4.23) |4.21 (4.03-4.39) |4.19 (4.05-4.34)
Gingival recession and wide tooth gaps 3.96 (3.84-4.07) [3.96 (3.79-4.13) |3.99 (3.78-4.20) |3.86 (3.67-4.05)
Food or drink stings your teeth. 4.29 (4.20-4.37) |4.22 (4.07-4.37) |4.49 (4.35-4.62) |4.24 (4.09-4.39)

@ Your constitution

Easy to get fat

1.51 (1.47-1.56)

1.30 (1.24-1.36)

1.56 (1.48-1.65)

1.39 (1.32-1.46)

Hard to build muscle even after exercising

1.56 (1.51-1.60)

1.50 (1.43-1.56)

1.59 (1.51-1.68)

1.53 (1.46-1.60)

Have been on a diet

1.35 (1.31-1.39)

1.24 (1.18-1.30)

1.41 (1.32-1.49)

1.32 (1.25-1.39)

Cannot go through with a diet

1.25 (1.21-1.29)

1.17 (1.12-1.22)

1.20 (1.13-1.27)

1.16 (1.11-1.22)

Regained weight after a diet

1.26 (1.22-1.30)

1.22 (1.16-1.28)

1.23 (1.16-1.31)

1.18 (1.13-1.24)
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Gained more than 10 kg after the age of 20

1.73 (1.68-1.77)

1.48 (1.41-1.54)

1.66 (1.58-1.74)

1.48 (1.41-1.55)

Gained more than 10 kg after the age of 20

1.62 (1.58-1.67)

1.52 (1.46-1.59)

1.64 (1.56-1.72)

1.59 (1.52-1.66)

Weight has changed by more than 3 kg in the

last year

1.38 (1.34-1.43)

1.37 (1.31-1.44)

1.36 (1.28-1.44)

1.27 (1.21-1.34)

Go to the bathroom more often than others

1.59 (1.54-1.63)

1.59 (1.52-1.66)

1.54 (1.46-1.63)

1.52 (1.45-1.59)

Lower abdomen sticks out

1.56 (1.52-1.61)

1.41 (1.34-1.48)

1.44 (1.36-1.53)

1.47 (1.40-1.55)

Concerned about hair loss

1.69 (1.65-1.73)

1.61 (1.54-1.68)

1.62 (1.54-1.71)

1.52 (1.45-1.59)

Hair getting thinner

1.67 (1.63-1.71)

1.58 (1.51-1.65)

1.54 (1.46-1.63)

1.50 (1.43-1.57)

Flabby belly

1.54 (1.50-1.59)

1.33 (1.27-1.39)

1.50 (1.42-1.59)

1.36 (1.29-1.43)

Regular teeth

1.48 (1.43-1.52)

1.46 (1.39-1.53)

1.49 (1.40-1.57)

1.52 (1.45-1.59)

Tooth decay

1.90 (1.87-1.93)

1.94 (1.91-1.97)

1.89 (1.84-1.95)

1.95 (1.92-1.98)

Periodontal disease or alveolar pyorrhea

1.79 (1.75-1.83)

1.78 (1.72-1.83)

1.71 (1.63-1.78)

1.73 (1.66-1.79)

Often wear warm clothes in winter

1.62 (1.58-1.67)

1.66 (1.59-1.72)

1.65 (1.57-1.74)

1.73 (1.67-1.79)

Sensitive to cold

1.49 (1.44-1.54)

1.56 (1.49-1.63)

1.57 (1.49-1.66)

1.63 (1.56-1.70)

@ Workstyle

Workstyle (full-time work)

1.39 (1.35-1.44)

1.44 (1.37-151)

1.36 (1.28-1.44)

1.43 (1.36-1.50)

Workstyle (part-time work)

1.77 (1.73-1.81)

1.70 (1.64-1.77)

1.78 (1.71-1.85)

1.75 (1.69-1.81)

Did you work?

1.14 (1.11-1.17)

1.14 (1.09-1.18)

1.13 (1.07-1.19)

1.17 (1.11-1.22)

Did you have a night shift?

1.96 (1.94-1.98)

1.97 (1.95-1.99)

1.98 (1.96-2.01)

1.97 (1.95-2.00)

Job description

1.40 (1.34-1.46)

1.32 (1.23-1.40)

1.40 (1.28-1.52)

1.36 (1.27-1.45)

Requires complicated thinking

1.60 (1.56-1.65)

1.57 (1.50-1.64)

1.61 (1.53-1.69)

1.58 (1.51-1.65)

Overtime in a month

4.67 (4.60-4.74)

4.62 (4.50-4.74)

4.64 (4.51-4.77)

4.65 (4.53-4.76)

Often go home after 20:00

1.70 (1.66-1.74)

1.75 (1.69-1.81)

1.71 (1.64-1.79)

1.76 (1.70-1.82)

@ Oral hygiene habits

Select all the times you brush your teeth (after

waking up)

1.63 (1.58-1.67)

1.61 (1.54-1.67)

1.53 (1.45-1.62)

1.55 (1.48-1.62)

Select all the times you brush your teeth (after

breakfast)

1.40 (1.35-1.44)

1.46 (1.39-1.53)

1.50 (1.42-1.59)

1.42 (1.35-1.49)

Select all the times you brush your teeth (after

lunch)

1.58 (1.53-1.63)

1.67 (1.61-1.74)

1.67 (1.59-1.75)

1.62 (1.55-1.69)

Select all the times you brush your teeth (within

1 hour after supper)

1.77 (1.74-1.81)

1.82 (1.76-1.87)

1.81 (1.75-1.88)

1.75 (1.69-1.81)
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Select all the times you brush your teeth

(Before going to bed)

1.23(1.19-1.27)

1.24 (1.18-1.30)

1.25 (1.17-1.32)

1.32 (1.25-1.39)

Use dental floss or an interdental brush

3.82 (3.68-3.96)

3.58 (3.36-3.80)

3.61 (3.32-3.90)

3.69 (3.46-3.92)

Use mouth rinse

4.01 (3.87-4.15)

4.00 (3.79-4.20)

3.83 (3.56-4.10)

3.77 (3.54-4.01)

Frequency of toothbrush replacement

2.61 (2.50-2.72)

2.67 (2.50-2.84)

252 (2.32-2.72)

2.45 (2.28-2.61)

@ Lifestyle

Walk faster than others

1.33(1.29-1.38)

1.43 (1.36-1.50)

1.37 (1.29-1.45)

1.34 (1.27-1.40)

Often need to take stairs

1.52 (1.48-1.57)

1.58 (1.51-1.65)

1.59 (1.50-1.67)

1.58 (1.51-1.65)

Try to use stairs instead of an elevator or

escalator

1.56 (1.51-1.61)

1.55 (1.48-1.62)

1.56 (1.48-1.65)

1.58 (1.51-1.65)

Take time to soak in a bath

3.19 (3.06-3.32)

3.11 (2.94-3.29)

3.32 (3.10-3.55)

3.47 (3.28-3.66)

Often lie down right after eating.

1.60 (1.55-1.64)

1.56 (1.49-1.63)

1.64 (1.56-1.72)

1.65 (1.58-1.72)

Often spend non-working days at home

1.60 (1.56-1.65)

1.58 (1.51-1.65)

1.60 (1.52-1.69)

1.52 (1.45-1.59)

@ Screen time (TV, computer, tablet, smartpho

ne, etc.)

On a working day (if you don't work, on

weekdays)

2.64 (2.53-2.75)

2.42 (2.25-2.59)

2.52 (2.31-2.73)

2.66 (2.48-2.83)

On a non-working day (if you don't work, on

the weekend)

2.76 (2.67-2.86)

2.55 (2.40-2.70)

2.68 (2.50-2.85)

2.76 (2.60-2.93)

@ Please select all the benefits and target organ

s of supplements t

hat you take at least 4 times a week.

Beauty and skin

1.94 (1.92-1.96)

1.92 (1.88-1.96)

1.96 (1.93-2.00)

1.92 (1.88-1.96)

Health maintenance and improvement

1.90 (1.87-1.93)

1.96 (1.93-1.98)

1.91 (1.86-1.96)

1.91 (1.87-1.95)

Joint

1.99 (1.99-2.00)

2.00 (2.00-2.00)

1.99 (1.98-2.01)

1.97 (1.94-1.99)

Fatigue recovery

1.95 (1.93-1.97)

1.97 (1.95-1.99)

1.93 (1.89-1.98)

1.97 (1.95-2.00)

Nutrition

1.94 (1.91-1.96)

1.97 (1.94-1.99)

1.94 (1.90-1.98)

1.90 (1.86-1.94)

Eye

1.98 (1.97-1.99)

1.99 (1.98-2.00)

1.99 (1.98-2.01)

1.97 (1.95-2.00)

Antioxidant and anti-aging

1.97 (1.96-1.99)

1.99 (1.98-2.00)

1.98 (1.95-2.00)

1.98 (1.96-2.00)

Weight loss

2.00 (1.99-2.00)

1.99 (1.98-2.00)

1.98 (1.96-2.01)

1.99 (1.98-2.01)

Slimming (becomes slim with good style)

1.99 (1.98-2.00)

2.00 (2.00-2.00)

1.99 (1.98-2.01)

1.99 (1.98-2.01)

Body fat suppression

1.99 (1.99-2.00)

1.98 (1.95-2.00)

1.98 (1.96-2.01)

1.99 (1.97-2.00)

Stiffness and pain in the neck, shoulders, and

back

2.00(1.99-2.00)

2.00 (2.00-2.00)

1.99 (1.98-2.01)

1.99 (1.98-2.01)

Bone

2.00(1.99-2.00)

2.00 (2.00-2.00)

1.99 (1.98-2.01)

1.99 (1.97-2.00)
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High blood pressure

2.00 (2.00-2.00)

2.00 (2.00-2.00)

1.99 (1.98-2.01)

1.99 (1.97-2.00)

Muscle

1.98 (1.96-1.99)

1.99 (1.97-2.00)

1.98 (1.95-2.00)

1.98 (1.97-2.00)

Bowel control and constipation

1.98 (1.97-1.99)

1.99 (1.97-2.00)

1.98 (1.96-2.01)

1.96 (1.93-1.99)

Anticoagulant

1.99 (1.98-2.00)

1.99 (1.98-2.00)

1.99 (1.98-2.01)

1.99 (1.98-2.01)

Others

1.99 (1.98-2.00)

2.00 (1.99-2.00)

2.00 (2.00-2.00)

1.99 (1.98-2.01)

Do not take supplements

1.16 (1.13-1.20)

1.16 (1.11-1.21)

1.17 (1.10-1.23)

1.23 (1.17-1.29)
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C. Characteristics of the questionnaire answers for each
glycometabolic category used in the external validation of the
random forest model.

Category 1 Category 2 Category 3 Category 4

Frequency of mobile phone and tablet computer

2.28 (2.14-2.42) 2.27 (2.09-2.46) 2.59 (2.31-2.88) 2.40 (2.14-2.66)
use at bedtime
Do you wake up in the middle of the night? 3.83(3.69-3.96) 3.84 (3.68-4.01) 3.97 (3.68-4.26) 3.74 (3.51-3.96)

Do you wake up late on a non-working day? 3.90 (3.77-4.03) 3.98(3.82-4.14) 4.13(3.76-4.49) 4.01 (3.80-4.23)

Which do you usually eat: rice or bread? 1.88(1.73-2.03) 1.72 (1.56-1.88) 1.78 (1.34-2.22) 1.63 (1.39-1.86)
Frequency of soup intake 2.98 (2.79-3.17) 3.05(2.80-3.30) 3.56(3.13-3.99) 3.43(3.12-3.74)
Frequency of tea intake per week at lunch 2.84 (2.57-3.10) 2.95(2.59-3.31) 3.47 (2.78-4.16) 3.33(2.90-3.77)
Frequency of toothbrush replacement 2.42 (2.28-2.57) 2.30(2.14-2.46) 2.25(1.91-2.59) 2.51 (2.27-2.76)

Data are presented as mean (95% confidence interval)
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