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Abstract

Objective: Optimal metabolically healthy status is important to prevent various chronic diseases. This study investigated the
association between lifelog-derived physical activity and metabolically healthy status.

Methods: This cross-sectional study included 51 Korean adults aged 30–40 years with no history of chronic diseases. Physical
activity data were obtained by the International Physical Activity Questionnaire-Short Form (IPAQ-SF). Lifelog-derived phys-
ical activity was defined by step counts and walking speed for 1 week, as recorded by the Samsung Health application on
both the Samsung Galaxy Fit2 and mobile phones. Participants without metabolic syndrome components were categorized
as the metabolically healthy group (n= 31) and the remaining participants as the metabolically unhealthy group (n= 20).
Prevalence ratios and 95% confidence intervals were estimated using Poisson regression models. The predictive ability
of each physical activity measure was evaluated according to the area under the curve (AUC), net reclassification improve-
ment (NRI), and integrated discrimination improvement (IDI) values.

Results: Among the physical activity measures, lifelog-derived walking speed was significantly inversely associated with
prevalent metabolically unhealthy status. The lifelog component model including walking speed, age, and sex had the high-
est AUC value for metabolically unhealthy status. Adding lifelog-derived step counts to the IPAQ-SF-derived metabolic
equivalent (MET) model (including age, sex, and IPAQ-SF-METs) yielded 37% and 13% increases in the NRI and IDI values,
respectively. Incorporating walking speed into the IPAQ-SF-derived MET model improved metabolically unhealthy status pre-
diction by 42% and 21% in the NRI and IDI analyses, respectively.

Conclusions: Slow walking speed derived from the lifelog was associated with a higher prevalence of metabolically
unhealthy status. Lifelog-derived physical activity information may aid in identifying individuals with metabolic
abnormalities.
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Introduction
The increasing prevalence of metabolic syndrome (MetS)
is a major public health problem worldwide because it is
associated with an increased risk of developing type 2
diabetes, cardiovascular disease, cancer, and other compli-
cations.1–3 Although even a single metabolic abnormality
can increase the risk of cardiovascular and non-
cardiovascular diseases,4 the prevalence of optimal meta-
bolic health is alarmingly low.5,6 Preventing even a
single metabolic abnormality is important because each
component of MetS can increase the risk of developing dia-
betes, cardiovascular disease, and certain types of cancer.7,8

The adoption of a healthy lifestyle that includes regular
physical activity and a healthy diet is the recommended
strategy for preventing metabolic abnormalities and pro-
moting overall health,2,9–12 but there are limitations to
objectively understanding a patient’s daily physical activity
and intervening to manage it outside of the hospital.

In recent years, wearable devices and mobile applica-
tions have facilitated the easy collection of objective mea-
surements of physical activity,13 such as step counts and
walking speed, which are strongly associated with health
outcomes, including type 2 diabetes, cardiovascular mor-
tality, and all-cause mortality.14,15 Lifelog information is
digitally tracking and recording of personal data generated
through individual activities and behavior, and this col-
lected lifelog information has the advantage of not being
restricted in location.16 Some studies have shown that life-
style interventions using lifelog-derived physical activity
were effective in reducing MetS components among indi-
viduals with and without MetS.11,12 However, most of
the previous studies have been limited to groups with dis-
eases such as MetS patients, not healthy groups, and
research results on walking speed are insufficient.11,12

Furthermore, data on the incremental predictive role of
lifelog physical activity, such as step counts or walking
speed, on metabolic health compared with that of the vali-
dated traditional assessment of physical activity using a
questionnaire are limited.

We aimed to investigate whether physical activity mea-
sures based on life-logging are predictive of metabolically
unhealthy (MUH) status and whether this information
improves the prediction of MUH status when combined
with traditional questionnaire-based measures of physical
activity.

Methods

Study population

Participants were recruited from the Kangbuk Samsung
Health Study, a cohort study of Korean adults who under-
went comprehensive health examinations at the Kangbuk
Samsung Hospital Total Healthcare Center clinics in
Seoul, South Korea, as a part of the Korean Healthcare
Bigdata showcase project (the K-HBS project).17 The
K-HBS project was designed to create a comprehensive
system for producing, collecting, and using various health-
care data such as medical examination results, surveys, and
lifelog data from healthy individuals and those with chronic
diseases over a three-year period from 2020 to 2022. This
study specifically focused on healthy individuals and uti-
lized lifelog data collected in the second year of the
K-HBS project. The first year was primarily dedicated to
gathering health screenings and survey data, while also pre-
paring for the collection of lifelog data. This preparation
involved selecting suitable wearable devices, establishing
measurement protocols, and conducting pilot tests.
Subsequently, the actual collection of lifelog data com-
menced in the second year of the project. Throughout the
study period, no specific interventions were made based
on the lifelog data.

We recruited individuals aged ≥19 years from Kangbuk
Samsung Hospital General Health Checkup Center, who
consented to participate in the K-HBS project until 2022
and could provide voluntary informed consent independ-
ently, without legal representation. This subsample
included apparently healthy participants without chronic
diseases. Individuals with any of the following diseases
were excluded: history of hypertension, diabetes, hyperlip-
idemia, chronic renal failure, cirrhosis, cardiovascular
disease, and cancer. Individuals who regularly take medica-
tion for chronic diseases were also excluded. Accordingly,
we recruited 106 individuals at the start of the K-HBS
project. And in the second year of the project we provided
Galaxy Fit 2 devices to participants for lifelog measure-
ments. We identified individuals who underwent a compre-
hensive health examination at Kangbuk Samsung Hospital
in 2021 who were willing to wear the wearable device for 1
week and share their collected data with us. The participants
provided written informed consent for the use of their health
screening and lifelog data for research purposes. A total of
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69 participants provided lifelog measurements; however, 18
were excluded, including 16 participants who had less than
5 days of lifelog data covering both weekdays and week-
ends, and two participants due to errors in their metabolic
equivalents (METs) data, showing implausibly high phys-
ical activity levels exceeding 10,000 METs per week
(Figure 1). The final analysis included 51 individuals (24
men and 27 women). The study design, protocol, and
consent procedures were reviewed and approved by the
Institutional Review Board of Kangbuk Samsung
Hospital (IRB no. KBS12089); the study was conducted
in accordance with the Declaration of Helsinki of 1975.

Data collection

Demographic characteristics, health behaviors, physical
activity, medical history, and medication use were collected
using standardized, structured, self-administered question-
naires. Physical and laboratory parameters were measured
by trained nurses and technicians. Blood pressure (BP)
was measured three times by trained nurses using automated
equipment (53000-E2; Welch Allyn, NY, USA), and the
average of the second and third recordings was used for ana-
lysis. Fasting blood tests were conducted to measure lipid
profiles, glucose levels, and hemoglobin A1C levels.
Anthropometric variables including height, weight, and
waist circumference were measured, and body mass index
(BMI) was calculated using height and weight.

Physical activity was assessed using the validated
Korean version of the International Physical Activity

Questionnaire-Short Form (IPAQ-SF).18 Total physical
activity was quantified in METs-minutes per week
(MET·min/wk) based on the formula provided by the
IPAQ-SF. METs are commonly used to express the inten-
sity of physical activities.19,20 1 MET is equivalent to
3.5 mL oxygen per 1 kg body weight per min, which is
the amount of oxygen consumed at rest.21 We applied 8.0
METs to vigorous-intensity activities, 4.0 METs to
moderate-intensity activities, and 3.3 METs to walking.18

The total METs·min/wk were calculated as duration× fre-
quency per week×MET intensity, which were summed
across activity domains to produce a weighted estimate of
total physical activity from all reported activities per
week.19 The “low” activity group had the lowest total phys-
ical activity level (<600 METs min/wk), the “moderate”
activity group achieved at least 600 METs min/wk but <
3000 METs min/wk and the “high” activity group achieved
at least 3000 METs min/wk.18,19 We classified the activity
groups into the minimally (low or moderate) active and
health-enhancing physically (high) active based on the
World Health Organization recommended moderate level
of 3000 METs min/wk.22 Smoking status was defined as
never, former, or current smoker. Drinking data were
obtained from questionnaires provided by the National
Health Insurance Service. The questionnaires recorded
the frequency of alcohol consumption and the quantity
consumed per session in standard units, without differenti-
ation between weekdays and weekends.23,24 From these
responses, the average daily alcohol consumption was calcu-
lated for each participant, reflecting the reported frequency

Figure 1. Flowchart of study participant selection.
Abbreviations: IPAQ-SF: International Physical Activity Questionnaire-Short Form; METs: metabolic equivalents.
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and quantity of alcohol intake per occasion. Finally, the
average alcohol consumption was classified into light drink-
ing (0.1–<10 g/day) and moderate or above drinking (≥10 g/
day).24

Lifelog-derived physical activity was defined by step
counts and walking speed for 1 week, as recorded by the
Samsung Health application on both the Samsung Galaxy
Fit2 smartwatch (Samsung, Suwon, Korea) and mobile
phones.25–27 The smartwatch automatically collects
walking information in real time and stores it on the
mobile phone application. All participants wore the smart-
watch on their wrists for 1 week and participants who
agreed to provide lifelog data downloaded their lifelog
data directly from the Samsung Health application and
delivered it to us in a compressed file format. As partici-
pants carried both mobile phones and smartwatches simul-
taneously, there were three types of lifelog data we
received: data exclusively measured by mobile phones,
data solely measured on smartwatches, and data combined
from both mobile phones and smartwatches that are auto-
matically and technically integrated. Recognizing the
potential for untracked physical activity if devices were
not worn, we used integrated data from both mobile
phones and Galaxy Fit 2 devices to ensure a more compre-
hensive capture of physical activity. The time variable indi-
cates the date of the summarized step count data in
milliseconds, which were converted to a readable date
format. The speed variable indicates the speed in meters
per second during an activity. To account for potential dif-
ferences in lifestyle habits between weekdays and week-
ends, we collected data for at least a week. We found that
the average step counts and walking speed were signifi-
cantly different on weekdays versus weekends; therefore,
we divided the variables accordingly for the analysis.

Metabolically healthy (MH) and MUH status defined

MetS is a multifaceted condition characterized by a com-
bination of interrelated elements that heighten the risk of
atherosclerotic cardiovascular diseases and type 2 diabetes
mellitus.28,29 The established components of MetS are
increased waist circumference, elevated BP, high triglycer-
ides, low high-density lipoprotein cholesterol, and glucose
intolerance, the presence of at least three of the risk
factors is generally accepted to diagnose MetS.28 We
defined the MUH group as meeting any of the diagnostic
criteria for MetS proposed by the National Cholesterol
Education Program Adult Treatment Panel III29:

(a) the presence of central obesity (waist circumference≥
90 cm in men and≥ 80 cm in women);

(b) triglyceride level≥ 150 mg/dL;
(c) high-density lipoprotein cholesterol < 40 mg/dL in

men and < 50 mg/dL in women;

(d) systolic BP≥ 130 mmHg, diastolic BP≥ 85 mmHg or
antihypertensive medication use;

(e) fasting plasma glucose≥ 100 mg/dL or use of oral
hypoglycemic agents and/or insulin.

Patients who did not exhibit any MetS components were
categorized into the MH group.

Statistical analysis

The characteristics of the MH and MUH groups are pre-
sented. All data are presented as means (standard deviations),
medians (interquartile ranges), or frequencies (percentages),
as appropriate. Considering the small sample size of each
group (less than 30), we used the Mann–Whitney U test to
compare continuous variables between the two groups.
Fisher’s exact test was used to compare categorical variables.
Poisson regression models were used to estimate the preva-
lence ratios and 95% confidence intervals (CIs) for prevalent
MUH status according to the physical activity category (mean
METs, step counts, and walking speed). Initially, we esti-
mated the age- and sex-adjusted prevalence ratio and then
further adjusted for BMI. To evaluate the predictive ability
of physical activity measures for estimating MUH status
and to determine the incremental improvement achieved by
adding lifelog measures (step counts and walking speed) to
conventional measures (IPAQ-SF-derived physical activity),
we assessed the area under the curve (AUC), net reclassifica-
tion improvement (NRI) and integrated discrimination
improvement (IDI) values. Each physical activity variable
had a different scale; therefore, standardized values were
used in the models. All analyses were conducted using
STATA software (version 17.0; StataCorp LLC, College
Station, TX, USA), and statistical significance was defined
as a two-sided p-value < 0.05.

Results
The characteristics of the 51 study individuals (31 in the
MH group and 20 in the MUH group) according to their
metabolic health status are shown in Table 1. Individuals
with MUH status were more likely to be older than men
with unfavorable metabolic profiles. Compared with indivi-
duals categorized into the MH group, individuals categor-
ized into the MUH group had higher physical activity
levels based on the IPAQ-SF questionnaire but lower
lifelog-derived step counts on both weekdays and week-
ends; however, these associations were not statistically sig-
nificant (Table 1).

Table 2 presents the age- and sex-adjusted prevalence
ratios (95% CIs), which were further adjusted for BMI for
prevalent MUH status for every one standardized unit of
each physical activity measure. The IPAQ-SF-derived
METs were inversely associated with MUH status,
although this association did not reach statistical
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significance, with a multivariable-adjusted prevalence ratio
(95% CIs) of 0.98 (95% CI 0.85–1.13) per 1-standard devi-
ation (SD)MET increase (Table 2). Similarly, no significant
associations were observed between weekday or weekend
step counts and prevalent MUH status (multivariable-
adjusted prevalence ratio 0.99, 95% CI 0.75–1.31 per

1-SD step count increase on weekdays; multivariable-
adjusted prevalence ratio 1.01, 95% CI 0.74–1.37 per
1-SD step count increase on weekends) (Table 2).
Weekday walking speed was inversely, but not signifi-
cantly, associated with MUH status (multivariable-adjusted
prevalence ratio, 0.75; 95% CI 0.52–1.09 per 1-SD walking

Table 1. Baseline characteristics by metabolically healthy status among 51 healthy individuals.

Characteristics Overall MH MUH p

Number 51 31 20

Age (years)a 42.3± 5.2 41.2± 5.7 44.0± 3.8 0.03

Men (%) 47.1 35.5 65.0 0.03

High physical activity level (%) 11.8 12.9 10.0 0.92

Current smoker (%) 5.9 6.5 5.0 0.67

Alcohol intake (%)c 7.8 9.7 5.0 0.08

Waist circumference (cm)a 79.0± 11.5 73.7± 8.8 87.2± 10.4 < 0.01

BMIa 23.3± 3.6 21.6± 2.5 25.8± 3.6 < 0.01

Systolic BP (mmHg)a 109.5± 12.5 103.4± 8.4 117.8± 12.4 < 0.01

Diastolic BP (mmHg)a 70.9± 8.3 67.5± 7.0 75.4± 7.7 < 0.01

Glucose (mg/dL)a 92.8± 8.1 89.8± 6.3 97.4± 8.7 < 0.01

Total Cholesterol (mg/dL)a 193.6± 26.2 191.0± 26.9 197.7± 25.1 0.39

LDL-C (mg/dL)a 125.2± 26.9 120.8± 29.3 132.0± 21.9 0.26

HDL-C (mg/dL)a 61.6± 16.5 68.6± 15.3 50.8± 11.9 < 0.01

Triglycerides (mg/dL)a 110.4± 74.2 75.7± 26.7 164.1± 91.5 < 0.01

HbA1ca 5.5± 0.2 5.4± 0.2 5.6± 0.2 < 0.01

Physical activity measures

METsb 924.0 (450.0, 1706.0) 924.0 (330.0, 1426.0) 933.0 (495.0, 2005.5) 0.49

Step counts (weekday)b 8183.0 (6183.2, 10,437.4) 8605.4 (6697.8, 10,297.6) 6904.0(5960.8, 10,979.7) 0.42

Step counts (weekend)b 6223.0 (4252.0, 9630.5) 6310.0 (4604.5, 9214.5) 6063.0 (2932.0, 11,385.2) 0.64

Walking speed (weekday)b 0.9 (0.6, 1.1) 0.8 (0.6, 1.1) 0.9 (0.6, 1.1) 0.81

Walking speed (weekend)b 0.7 (0.5, 1.0) 0.8 (0.5, 1.2) 0.7 (0.4, 0.8) 0.06

aData are presented as means± standard deviations.
bData are presented as medians (interquartile ranges) or percentages.
c≥ 10 g of ethanol per day.
Abbreviations: MUH: metabolically unhealthy; BMI: body mass index; BP: blood pressure; LDL-C: low-density lipoprotein cholesterol; HDL-C: high-density
lipoprotein cholesterol; HbA1c: hemoglobin A1C; METs: metabolic equivalents
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speed increase on weekdays), whereas weekend walking
speed was inversely and significantly associated with
MUH status, with a multivariable-adjusted prevalence
ratio of 0.65 (95% CI 0.46–0.93) per 1-SD walking speed
increase on weekends (Table 2).

Table 3 and Figure 2 indicate that the AUC value for
MUH status was 0.69 (95% CI 0.55–0.84) in the model com-
prising age, sex, and IPAQ-SF-derived METs. The highest
AUC value for MUH status was observed in the model
including age, sex, and lifelog-derived walking speed, with
an AUC of 0.75 (95%CI 0.61–0.89). However, the difference
in AUC values between the IPAQ-SF-derived METs and
lifelog-derived models was not statistically significant.

Table 4 presents the AUC, NRI, and IDI indices to
evaluate the improvement of risk prediction after adding
the lifelog variables to the BASE model including that

includes age, sex, and IPAQ-SF-derived METs. For the
NRI analysis, the cutoff probability for the risk category
was set at 39.22%, corresponding to the prevalence of
MUH status among our study participants, which was
noted in 51 individuals.

In the AUC analyses, the AUC for the BASE model
including age, sex, and METs was 0.69 (95% CI 0.55–
0.84). When step counts or walking speed were added indi-
vidually to the BASE model, the AUC values increased to
0.72 (95% CI 0.57–0.86) and 0.75 (95% CI 0.61–0.89),
respectively. Including both step counts and walking
speed resulted in an AUC of 0.76 (95% CI 0.62–0.90).
However, the differences in AUC values between the
BASE model and the models including the additional
lifelog parameters (individually or combined) were not
statistically significant. By contrast, in the NRI and

Table 2. Association of IPAQ-SF and lifelog-derived physical activity levels with prevalence of metabolically unhealthy status.

Physical activity measuresa

Metabolically unhealthy status

Age- and sex-adjusted
prevalence ratio (95% CI)b Multivariable-adjusted prevalence ratio (95% CI)b,c

IPAQ-SF-derived component

METs (weekly) 0.96 (0.80–1.16) 0.98 (0.85–1.13)

Lifelog-derived component

Step counts (weekday) 0.92 (0.69–1.24) 0.99 (0.75–1.31)

Step counts (weekend) 0.89 (0.62–1.27) 1.01 (0.74–1.37)

Walking speed (weekday) 0.82 (0.58–1.16) 0.75 (0.52–1.09)

Walking speed (weekend) 0.68 (0.47–0.97)d 0.65 (0.46–0.93)d

Abbreviations: CI: confidence interval; IPAQ-SF: International Physical Activity Questionnaire-Short Form; METs: metabolic equivalent of task.
aSeparate models were used to estimate the prevalence ratio for each one-standard deviation increase in each physical activity measure.
bPoisson regression models incorporating robust variance were employed to determine the prevalence ratios (95% CIs) for metabolically unhealthy status.
cAdjusted for age, sex, and body mass index.
dThese indicate statistically significant results (Age- and Sex-adjusted PR 0.68, p= 0.03; Multi variable-adjusted PR 0.65, p= 0.02.

Table 3. Comparison of AUC values for METs, step counts, and walking speed for participants with metabolically unhealthy status.

Physical activity measures Models AUCa 95% CI p AUCb 95% CI p

IPAQ-SF METs 0.55 0.39–0.71 Ref 0.69 0.55–0.84 Ref

Wearable device-derived lifelog Step counts 0.55 0.38–0.72 0.98 0.69 0.55–0.84 1.00

Walking speed 0.69 0.53–0.85 0.22 0.75 0.61–0.89 0.36

Abbreviations: AUC: area under the curve; CI: confidence interval; IPAQ-SF: International Physical Activity Questionnaire-Short Form; METs: metabolic
equivalent of task; Ref: reference.
aAUC for MUH status in crude model.
bAUC for MUH status in model including age and sex.
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IDI analyses, the models that included step counts (NRI
0.37, p= 0.09; IDI 0.13, p< 0.01) and walking speed
(NRI 0.42, p= 0.03; IDI 0.21, p < 0.01) individually, as
well as the models that included both (NRI 0.43, p=
0.04; IDI 0.23, p < 0.01), significantly improved risk predic-
tion compared with that of the BASE model (Table 4).

Discussion
In this study of apparently healthy adults, we evaluated
whether daily step counts and walking speed derived

from wearable devices could predict metabolic health.
Among the different physical activity measures, walking
speed as measured by lifelog was significantly associated
with metabolic status but not step counts, and was particu-
larly associated with weekend walking speed only and not
with weekday walking speed. Moreover, when lifelog com-
ponents such as walking speed or step counts were included
in the metabolic health prediction model, it significantly
improved the prediction of metabolic health. These findings
indicate that lifelog-derived physical activity data can help
identify individuals with MUH status.

Figure 2. AUCs for the prediction of MUH status by physical activity variables. (a) AUC for MUH status in crude model. (b) AUC for MUH
status in model including age and sex.

Lim et al. 7



Walking is effective in reducing weight and improving
clinical indicators such as visceral fat area, insulin resistance,
waist circumference, body fat percentage, and BMI.30–32 In
addition, recent studies have shown that lifelog data object-
ively collected with sensors in phones or other wearable
devices are valuable for managing chronic diseases that
require behavior change.12,25,33,34 Lee et al. demonstrated
that physical activity intervention using digital healthcare
devices is also effective in preventing MetS in participants
with one or twoMetS risk factors, showing significant reduc-
tions in waist circumference and BP.25 Therefore, if health-
care providers utilize these lifelog data for disease
prediction or follow-up, the effectiveness of patient behav-
ioral change efforts and disease prevention can be enhanced.
However, using this life-loggingphysical activity information
can be challenging because of the uncertainty in the data cap-
tured bymobile devices and the lack of developed data stand-
ardization methods.35 Few studies have evaluated whether
daily step counts and walking speed measured by wearable
devices are as appropriate as METs, an existing physical
activity evaluation index. Therefore, we compared the
BASE model, which included age, sex, and METs as predic-
tors; the model was obtained by incorporating step counts or
walking speed into the BASE model. The combined model,
incorporating METs with step counts or walking speed,
exhibited superior predictive ability for MUH status com-
pared with that of the BASE model. Lifelog data, step
counts, and walking speed are imperfect predictive markers
forMUHstatus; however, they have advantages formetabolic
statusmanagement as they can objectively reflect the physical
activity levels during daily life. Notably, we found that
walking speed, as measured by the lifelog, was a better pre-
dictor of metabolic health than step counts and METs.
Regarding the association between walking speed and the
prevalence ofMUHstatus,weekendwalking speedswere sig-
nificantly and inversely associated withMUH status, and this
association was independent of BMI, a strong predictor of
metabolic health.36 Our findings also suggest that walking
speeds on weekends rather than during the weekdays were
positively associated withmetabolic health. Inconsistentfind-
ings exist regarding the variance between weekday and
weekend physical activity and its health implications.37

While weekdays often involve physical activity related to
work and commuting, weekends typically allow for more
leisure-based activities. The IPAQ-short form used in our
study does not differentiate between work, transportation,
and leisure activities, unlike the Global Physical Activity
Questionnaire,38 which may explain why weekend walking
speed specifically predicts metabolic health, distinct from
other metrics like weekday walking speed and step counts.
In our study, weekend walking speed likely provides a
more accurate representation of leisure time physical activity
and overall physical functioning, less impacted by compul-
sory work-related movements, and more indicative of volun-
tary physical engagement and capacity. Walking speed isTa
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acknowledged as a reliable measure of physical function and
overall health in both healthy and older adults because it
involves multiple organ systems, including the cardiovascu-
lar, respiratory, nervous, and musculoskeletal systems.15,39

To better understand the nuances of physical activity’s
impact on health, future research should utilize a lifelog phys-
ical activity survey with detailed disaggregation, capturing
variations in physical activity between weekdays and week-
ends, and across different types of activities such as work,
transportation, and leisure. Therefore, not only step counts
but also walking speed should be considered to prevent and
improve metabolic abnormalities in healthy individuals.

Our study had several limitations. First, the sample size
was small. Future studies with larger sample sizes are
required to validate our findings. Second, we focused
only on analyzing step counts and walking speeds from
the lifelogs while excluding other sleep and meal records.
Unlike step counts and walking speed data, which can be
automatically recorded, these components require active
patient participation for accurate documentation. Future
studies that incorporate more comprehensive lifelog infor-
mation, including sleep and meal records, may provide
helpful insights. Utilizing recorded step information regard-
less of the patient’s participatory effort may be more prac-
tical and valuable in real-world settings. Third, we neither
selected nor manipulated the participant’s phone model or
the location of the phone during measurements. The accur-
acy of the Samsung Health application in capturing physical
activity data may vary depending on the mobile phone
model, its placement on the body, and the type of
gait.26,27,40,41 Nevertheless, among the various metrics
recordable by wearables, the step counts and distance
have been recognized as reliable indicators for health
assessment using wearable devices.42 Moreover, the
Samsung Health measurements application has been vali-
dated for its accurate measurement of walking activities,
reinforcing its applicability in our study.26,40 Finally,
while our study focused on young and middle-aged
Koreans, limiting its generalizability to other demograph-
ics, it is important to note the growing utility of lifelog
data in epidemiological and intervention studies due to its
objective, continuous, and comprehensive view of the
patient’s condition outside clinical settings. There are
ongoing efforts to incorporate lifelog data into clinical prac-
tice for elderly populations or those with chronic diseases.43

Walking speed, whether measured in clinical settings,
research, or self-reported, is associated with survival rates
among the elderly and is recognized as an important pre-
dictor of longevity in this demographic.15,44–46 In addition,
many previous studies have already shown that increased
walking speed among patients undergoing rehabilitation
following stroke, myocardial infarction, or heart failure is
associated with a reduced risk of cardiovascular events, all-
cause hospitalization, or mortality.47–50 Extending our find-
ings to older adults or patients with cardiovascular risk, who

are already known to benefit from gait speed assessments
for prognosis prediction, could enhance healthcare out-
comes using lifelog-derived walking speed. Consequently,
future research should aim to validate this hypothesis and
further explore the characterization of lifelog physical activ-
ities across different groups to provide deeper insights.

Despite these limitations, our study highlights the poten-
tial utility of lifelog information, including walking speed,
which has predominantly been studied in older populations,
to predict metabolic health among apparently healthy and
relatively young individuals.

Conclusions
Lifelog-derived daily step counts and walking speed were
independent predictors of metabolic health status in
Korean adults with an average age of 42.3 years. These vari-
ables also improved the prediction of metabolic health
beyond the use of questionnaire-based METs alone.
Notably, walking speed was the most influential predictor
of metabolic health, suggesting that walking speed is an
important component of lifelog-derived physical activity
for improving metabolic health, even among relatively
young and healthy individuals. Future studies are necessary
to validate our findings and examine the potential of lifelog
data in developing metabolic health prevention strategies to
maintain metabolic health in apparently healthy populations.
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