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Abstract

Background: Physical inactivity among university students is a prevalent global health concern with long-term implications.
Emerging technologies, such as wearable devices and AI-driven chatbots, offer promising avenues to promote physical activity
(PA). However, empirical studies assessing the engagement, usability, and efficacy of next-generation large language model-
based AI chatbots remain limited.

Objective: This study aimed to evaluate the engagement, usability, and efficacy of an AI Coach intervention, based on the
Doubao large language model, in enhancing PA levels among university students in China.

Methods: A parallel-group quasi-randomized controlled trial was conducted over 8 weeks with 60 eligible university student
participants (intervention group, n=30; control group, n=30). The intervention group used both their wearable devices and the AI
Coach delivered via WeChat, while the control group used wearable devices only. Outcome measures included system-recorded
interaction metrics to assess engagement, the System Usability Scale (SUS) and user experience questionnaires for usability, and
changes in average daily step counts and weekly moderate-to-vigorous physical activity (MVPA) duration for efficacy. Data
were analyzed using mixed-design ANOVA and appropriate non-parametric tests.

Results: Participants engaged actively with the AI Coach, exchanging an average of 17.20 conversation rounds (SD = 8.72),
with 60.27% of conversations initiated by participants. The average conversation duration was approximately 3 minutes. The
mean SUS score was 85.75 (SD = 3.99), indicating excellent usability. Compared to the control group, the intervention group
showed significant increases in average daily steps (mean increase 557 steps; p < 0.001) and weekly MVPA duration (mean
increase 8.73 minutes; p < 0.001). No adverse events were reported.

Conclusions: The Doubao-based AI Coach is a safe, practical, and efficacious tool to enhance PA among university students. Its
high engagement and usability suggest potential for scalable digital health interventions. This study highlights the value of
combining AI chatbots with wearable devices to deliver personalized, real-time coaching. Future research should focus on
automating data collection, expanding to diverse populations, and exploring user experiences to improve the intervention’s
effectiveness and broader public health impact. Clinical Trial: Ethical approval was obtained from the Research Ethics
Committee of Jiangxi University of Technology (JXUT.TNC2/JXUTREC2409).
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Enhancing Physical Activity Among University Students in China: A Parallel-Group Quasi-
Randomized Controlled Trial of an AI Chatbot Intervention Assessing Engagement, Usability,
and Efficacy

Abstract

Background: Physical inactivity among university students is a prevalent global health concern with
long-term implications. Emerging technologies, such as wearable devices and AI-driven chatbots,
offer promising avenues to promote physical activity (PA). However, empirical studies assessing the
engagement,  usability,  and  efficacy  of  next-generation  large  language  model-based  AI  chatbots
remain limited.

Objective:  This study aimed to evaluate the engagement, usability,  and efficacy of an AI Coach
intervention, based on the Doubao large language model, in enhancing PA levels among university
students in China.

Methods: A parallel-group quasi-randomized controlled trial was conducted over 8 weeks with 60
eligible  university  student  participants  (intervention  group,  n=30;  control  group,  n=30).  The
intervention group used both their wearable devices and the AI Coach delivered via WeChat, while
the  control  group  used  wearable  devices  only.  Outcome  measures  included  system-recorded
interaction metrics to assess engagement,  the System Usability Scale (SUS) and user experience
questionnaires  for  usability,  and  changes  in  average  daily  step  counts  and  weekly  moderate-to-
vigorous physical activity (MVPA) duration for efficacy. Data were analyzed using mixed-design
ANOVA and appropriate non-parametric tests.

Results:  Participants  engaged  actively  with  the  AI  Coach,  exchanging  an  average  of  17.20
conversation  rounds  (SD  =  8.72),  with  60.27%  of  conversations  initiated  by  participants.  The
average conversation duration was approximately 3 minutes. The mean SUS score was 85.75 (SD =
3.99), indicating excellent usability. Compared to the control group, the intervention group showed
significant increases in average daily steps (mean increase 557 steps; p < 0.001) and weekly MVPA
duration (mean increase 8.73 minutes; p < 0.001). No adverse events were reported.

Conclusions: The Doubao-based AI Coach is a safe, practical, and efficacious tool to enhance PA
among university students. Its high engagement and usability suggest potential for scalable digital
health interventions. This study highlights the value of combining AI chatbots with wearable devices
to  deliver  personalized,  real-time  coaching.  Future  research  should  focus  on  automating  data
collection,  expanding  to  diverse  populations,  and  exploring  user  experiences  to  improve  the
intervention’s effectiveness and broader public health impact.

Keywords

AI Chatbot; Physical Activity; University Students; Engagement; Usability; Efficacy 

Introduction
Regular physical activity (PA) is crucial  for maintaining overall  health, offering benefits such as
strengthening the immune system, reducing the risk of non-communicable diseases, and improving
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mental well-being. According to the World Health Organization’s (WHO) Guidelines on Physical
Activity  and Sedentary behavior,  adults  are  advised to  engage in  150-300 minutes  of moderate-
intensity aerobic activity, 75-150 minutes of vigorous-intensity activity, or an equivalent combination
per week [1]. Daily step count is a readily accessible and practical metric for monitoring and setting
PA goals [2]. Paluch et al. demonstrated that mortality risk progressively decreases with increasing
daily steps, with the risk reduction plateauing at approximately 8,000–10,000 steps among younger
adults[3]. Conversely,  physical inactivity and prolonged sedentary behavior have been associated
with various adverse health outcomes, including obesity, cancer, diabetes, and depression [4–7]. Data
derived from 358 studies across 168 countries also revealed that 27.5% of 1.9 million participants
did  not  meet  the  recommended  PA  levels  [8].  Given  its  widespread  prevalence  and  health
implications, physical inactivity represents an urgent global health issue that necessitates targeted
intervention research.

University students represent a key population for PA interventions, as multiple studies worldwide
have  consistently  reported  insufficient  PA within  this  group.  For  example,  65%  of  Canadian
university  students  do  not  meet  the  recommended  PA  guidelines  for  health  [9].  Similarly,
approximately 41.4% of undergraduate students in Malaysia are physically inactive [10]. In China,
24.4% of university students are classified as physically inactive, while 18.2% of university students
in Turkey are reported as inactive [11,12]. Furthermore, one in three university students in Romania
have been found to be inactive  [13]. These findings underscore a global pattern of low PA levels
within university populations. 

Physical  inactivity  during  young  adulthood  has  serious  consequences  for  long-term  health,
contributing  to  increased  risks  of  chronic  diseases  and  reduced  quality  of  life.  Lifestyle  habits
established  during  the  university  years  tend  to  persist  into  adulthood  and  have  significant
implications for long-term health. The health-related behaviors formed during this transitional period
can  influence  risk  factors  for  chronic  conditions  and  overall  well-being  later  in  life  [14].
Additionally, university students represent the upcoming generation of leaders, decision-makers, and
parents; therefore, fostering healthy lifestyle habits at this stage contributes to shaping future societal
health outcomes [15]. Establishing a foundation of healthy behaviors during university is critical for
promoting optimal middle-age health, minimizing the prevalence of suboptimal health conditions,
and potentially delaying the onset of chronic diseases [16].

Factors influencing university students' PA include individual factors (e.g., self-efficacy, perceived
barriers), interpersonal support (e.g., from parents, peers, and teachers), organizational aspects (e.g.,
school facilities and policies), community-level determinants (e.g., built environment and access to
services),  and national policies  that  influence behavior  both directly  and indirectly  [17].  Current
strategies  to  enhance  PA levels  among  university  students  typically  involve  health  education
initiatives,  increased  utilization  of  campus  sports  facilities,  the  promotion  of  healthy  lifestyle
behaviors, and the establishment of supportive social networks. Although these interventions have
demonstrated some promise, overall PA levels in this population remain suboptimal [18]. 

Despite efforts targeting individual, social, and environmental factors, improving physical activity
levels among university students remains difficult. Traditional interventions show limited success in
overcoming complex barriers. As a tech-savvy group, university students are receptive to emerging
digital  technologies  like  wearable  devices  and  artificial  intelligence  (AI),  which  can  provide
personalized, real-time support to promote healthier behaviors. University students generally show
high acceptance of emerging technologies such as wearable devices and AI [19,20]. This enthusiasm
aligns with growing evidence that these tools have significant potential  to promote and enhance
physical  activity.  These  technologies  can  provide  personalized  feedback and real-time guidance,
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which enhance user engagement and facilitate sustained behavior change. A recent meta-analysis
reported that the use of wearable devices resulted in an average increase of 1,312.23 steps per day
and an additional 57.8 minutes of moderate-to-vigorous physical activity (MVPA) per week  [21].
Evidence  also  suggests  that  AI-driven  chatbots  hold  substantial  promise  for  promoting  healthy
lifestyles and increasing PA, as they can tailor interventions by interpreting users’ contexts, engaging
in persuasive dialogues, and delivering feedback based on behavioral data [21,22].

AI chatbots are conversational agents that leverage AI and machine learning technologies to simulate
human  interactions  by  engaging  users  in  natural  language  dialogues  [23].  As  tools  for  health
behavior intervention,  AI chatbots demonstrate feasibility and initial  efficacy in guiding users to
modify lifestyle habits [22,24,25]. For instance, Kocielnik and Hsieh employed a rule-based chatbot
to prompt users to reflect on their PA data  [26]. Similarly, chatbot applications such as Ally have
been employed to assist participants in achieving personalized step goals  [27,28]. Piao et al.  [29]
developed a chatbot-based program designed to encourage office workers to adopt the habit of using
stairs,  while  Maher  et  al.  [24] implemented  an  AI-driven  virtual  health  coach  that  integrated
Mediterranean diet and PA interventions to improve both PA levels and dietary habits. Furthermore,
Tess, an AI chatbot, has been successfully employed in supporting the management and treatment of
adolescent  obesity  [30].  Recent  studies,  including  Singh  et  al.  [31],  have  further  examined  the
efficacy of AI chatbots in increasing both PA and healthy eating behaviors.

The launch of ChatGPT 3.5 in 2022 marked the beginning of a new generation of chatbots. Featuring
enhanced natural language processing, context-aware reasoning, and self-explanatory outputs that
surpass previous models in conversational depth and task adaptability, ChatGPT 3.5 delivers more
intelligent  and  personalized  interactive  experiences,  positioning  it  as  one  of  the  fastest-growing
consumer applications  [32–35]. Subsequently, similar products, including Gemini, Grok, Doubao,
and Kimi, have been introduced, thereby expanding access to this technology more cost-effectively
and conveniently [36–39].

Despite  these  advancements,  there  remains  a  notable  gap  in  empirical  studies  that  utilize  new
generation  AI  chatbots  based  on  large  language  models  to  enhance  PA.  Much  of  the  previous
research has combined chatbots with fitness trackers as a single intervention, with only one study
comparing the use of a fitness tracker (Fitbit) alone versus a combination of a fitness tracker and a
chatbot  [40]. To address this gap, the present study aims to enhance PA levels among university
students in China and evaluate the engagement, usability, and efficacy of an AI Coach intervention
based on these next-generation chatbots. 

Materials and methods
This study was a parallel-group quasi-randomized controlled trial conducted from August to October
2024 over 8 weeks. Eligible participants were consecutively enrolled and assigned to intervention or
control groups based on odd/even study identification numbers assigned upon screening completion.
The intervention group received the AI Coach alongside their wearable device, whereas the control
group used only their wearable device. Participants were blinded to group allocation and informed
only that their physical activity data would be collected. Ethical approval was obtained from the
Research Ethics Committee of Jiangxi University of Technology (JXUT.TNC2/JXUTREC2409), and
informed consent was obtained from all participants.
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Participants

Participants were recruited between August and September 2024 through social media platforms, in-
person outreach, and snowball sampling techniques. Inclusion criteria were as follows: participants
had worn a PA tracking device (e.g., smart bands or watches from Xiaomi, Huawei, Apple, Garmin,
etc.)  for at  least  50 days within the preceding 60 days (days  with fewer than 1,000 steps were
considered  invalid  and  excluded  from  analysis),  were  willing  to  continue  wearing  the  device
everyday  throughout  the  study,  were  able  to  transmit  PA data  recorded  by  their  device  to  a
smartphone connected to the internet and share it with researchers via an app (e.g., Huawei Health),
had a baseline daily step count of less than 8,000 steps and a weekly MVPA duration of less than 150
minutes, as measured by their device in the 7 days before the intervention, were able to use WeChat
as an instant messaging software to send and receive text messages with others, and were at least 18
years  of  age.  Exclusion criteria  were as follows:  participants who had medical  or  psychological
conditions  that  contraindicated  physical  activity,  or  who  were  currently  participating  in  other
physical activity-related research projects.

Participants  first  completed  an  online  screening  survey,  followed by a  brief  phone  interview to
confirm eligibility, address any potential questions, and schedule their baseline appointment. Before
commencing the  study,  all  participants  reviewed the  information sheet  and were allowed to ask
questions before providing informed consent. Eligible participants were required to sign a consent
form and complete an online form, providing their age, gender, height, weight, and PA data (e.g.,
steps and MVPA duration) from the previous 7 days, as recorded through the corresponding apps
(e.g., Huawei Health).

Participants  were  consecutively  enrolled  and  assigned  identification  numbers  in  the  order  they
completed screening. Participants with odd numbers were allocated to the intervention group, and
those with even numbers were allocated to the control group. Participants were blinded to their group
allocation and only informed that their physical activity data would be recorded.

Intervention

Participants in the intervention group used both their wearable device and the AI Coach, while those
in the control group used only their wearable device. The intervention group began using the AI
Coach by adding the Coach's WeChat account, which generates content via Doubao.

The AI chatbot, referred to as AI Coach, was developed using the large language model Doubao
(version Doubao-pro-4k-240515,  released in  May 2024)  [41].  It  was  integrated into the WeChat
platform  through  the  use  of  Java  technology.  The  WeChat  platform  was  selected  due  to  its
widespread popularity in China, ensuring that participants would not need to download a separate
application to access the AI Coach. Participants' wearable devices (including brands such as Huawei,
Xiaomi,  OPPO,  Apple,  Garmin,  etc.)  were  utilized  to  monitor  their  step  counts  and minutes  in
MVPA. The validity of step count measurements from these devices is well established; however,
recent studies indicate that although MVPA estimation by consumer-grade devices has improved, it
still  exhibits systematic bias and should be interpreted with caution  [42–44]. The step count and
MVPA data collected by these devices were shared with the researchers via the respective brand
applications (e.g., Huawei Health) and subsequently transmitted to the AI Coach.

As  a  behavioral  intervention  tool,  the  AI  Coach  was  designed  based  on  the  COM-B  model
(capability,  opportunity,  motivation,  and  behavior)  from  the  behavior  Change  Wheel  [45].  The
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messages  delivered  by  the  AI  Coach  are  designed  to  enhance  participants'  motivation  (e.g.,
preemptively experiencing the satisfaction of completing a run), capability (e.g., understanding the
benefits of reaching the daily 8,000-step goal), and opportunity (e.g., utilizing available facilities and
equipment for exercise).

Figure 1 presents the proactive and reactive actions offered by the chatbot to support the participants.

Figure 1. Schematic diagram of AI coaching technology principles

Proactive actions involve the AI Coach generating content (C1) based on participants' PA data and
providing suggestions for achieving daily goals, typically sent before 9:00 AM after retrieving the
previous day's data. Reactive actions occur when participants send inquiries to the chatbot. Upon
receiving content (C1), participants may respond to the AI Coach or send messages at any time,
prompting the AI Coach to generate and send content (C2), typically including information about the
benefits  of  PA and  answers  to  specific  exercise-related  questions  (e.g.,  exercises  to  do  in  the
dormitory on rainy days). The proactive and reactive actions are defined through two sets of prompts
for  the  AI  Coach,  which  processes  the  prompts  each  time  content  is  generated,  integrating  the
received content to generate the appropriate response.

The prompts used in this study adhered to the TRACE framework, a widely recognized approach for
crafting prompts, ensuring that generative AI products, such as the AI Coach, produce high-quality
content that aligns with users' expectations [46].

Table 1. Key contents of prompt words for proactive and reactive actions of AI coach under TRACE
framework.
TRACE Framework Prompt 1 (Proactive) Prompt 2 (Reactive)
(T) Title of Job Fitness Coach Fitness Coach
(R) Request Analyze  the  user’s  PA  data

from  the  previous  day  and
encourage  them  to  achieve
their daily target of 8,000 steps
and  150  minutes  of  MVPA
weekly.

Encourage the user based on
their  feedback  and  provide
professional  advice  to  help
them  achieve  their  daily
target of 8,000 steps and 150
minutes of MVPA weekly.
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(A) Audience University  students  who  have
averaged  fewer  than  8,000
steps per day and less than 150
minutes of MVPA per week in
the past 30 days.

University students who have
averaged  fewer  than  8,000
steps  per  day  and  less  than
150 minutes of  per week in
the past 30 days.

(C) Constraints Communicate in a friendly yet
professional tone.

Communicate  in  a  friendly
yet  professional  tone,  using
the COM-B model to analyze
the user’s  input  and provide
professional,  reliable
information and advice.

(E) Examples Hello! Your average daily step
count  in  the  last  7  days  was
7,425, which is slightly below
the 8,000–10,000 step goal, but
you're  getting  close!  Your
weekly  MVPA  time  is  167
minutes,  which  meets  the
weekly goal of 150 minutes—
well  done!  Consider
incorporating  more  walking
into  your  daily  routine,  like
taking the stairs instead of the
elevator.  Keep  up  the  good
work!

Rainy  weather  can  indeed
affect  outdoor  activities,  but
there are still alternatives. On
rainy days, you can try some
indoor  exercises  to  increase
your  step  count  and  MVPA
duration.  Here  are  some
suggestions: you can follow
a 10-minute fat-burning or
muscle-strengthening
workout  guided  by  your
fitness  app,  or  simply
march  in  place  in  an
obstacle-free  area  to  stay
active.  If  you'd  like  more
suggestions, feel free to let
me know!

Outcomes

Data collected during the 8-week intervention—including system-recorded interaction metrics, daily
step counts, weekly MVPA duration, and post-intervention survey responses—were used to evaluate
the engagement, usability, and efficacy of the AI Coach. To ensure the smooth running of the study,
research assistants provided support for participants with any technical issues that arose during the
intervention period.

Engagement was defined as the extent to which the AI Coach could be successfully implemented
and sustain participant engagement. It was assessed using the following interaction metrics:

 Exchanges: quantified by the total number of messages exchanged and the total number of
conversation rounds (a round defined as a response sent within 30 minutes of receiving a
message from the AI Coach);

 Duration: measured by the length of conversations between participants and the AI Coach,
including shortest, longest, average, and median conversation durations;

 Initiation: assessed by counting the number of conversation rounds initiated by the AI Coach
versus those initiated by participants.

These indicators collectively reflect whether the system effectively attracted and maintained user
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participation throughout the intervention.

Usability was defined as participants’ perceptions of the AI Coach’s ease of use, helpfulness, and
overall satisfaction. It was evaluated through:

 A user experience questionnaire assessing perceived helpfulness and any adverse reactions;
 The System Usability Scale (SUS), a validated 10-item instrument providing a subjective

measure of system usability. SUS scores range from 0 to 100, with higher scores indicating
better usability. Scores above 68 are considered above average, and those above 80 indicate
excellent usability [47].

Efficacy was evaluated by comparing participants' PA levels (average daily step count and MVPA
duration over the past 7 days) before and after using the AI Coach. If the wearable device recorded
fewer than 1,000 steps on any given day, the device was considered not fully worn, and the data for
that day were considered invalid.

Data Analysis

Demographic Characterization

Continuous variables were described using the mean ± standard deviation (mean ± SD) along with
their  minimum  and  maximum  ranges  [min–max].  All  continuous  variables  were  assessed  for
normality  using the Shapiro–Wilk test  before between-group comparisons (CG vs.  AI).  For data
conforming  to  a  normal  distribution,  independent  sample  t-tests  were  employed;  when  the
assumption  of  normality  was  violated,  Mann–Whitney  U  tests  were  used  for  non-parametric
comparisons. Sex was treated as a categorical variable and expressed as a frequency (n). Between-
group comparisons were performed using Fisher’s exact test.

Analysis of behavioral Performance Indicators

To assess the impact of AI chatbot interventions on PA, the study primarily used a 2 (group: IG vs.
CG) × 2 (time: pre-intervention vs. post-intervention) mixed-design analysis of variance (ANOVA)
to evaluate the behavioral performance indicators (including step counts and MVPA).
Before implementing the mixed-design ANOVA, the normality assumption for each variable within
groups was tested using the Shapiro–Wilk test, and the homogeneity of variances was assessed using
Levene's test to determine whether the assumptions required for ANOVA were satisfied.
If  the data  met  the normality  assumption but  violated the homogeneity of  variance  assumption,
Welch’s ANOVA was used as an alternative to compare between groups, while within-group (pre–
post) comparisons were performed using paired t-tests.
If  the data  violated the normality  assumption,  non-parametric methods were used:  the Wilcoxon
signed-rank  test  for  within-group  (pre–post)  comparisons,  and  the  Mann–Whitney  U  test  for
between-group comparisons.
All data analyses were performed using  R software (version 4.4.2). Data cleaning was carried out
using the  dplyr package,  and the mixed-design ANOVA was implemented  using the  ezANOVA
function from the ez package. Normality testing was conducted using the shapiro.test function from
the  stats  package, and variance homogeneity was assessed using the  leveneTest function from the
car package. Non-parametric tests, including the Mann–Whitney U test and Wilcoxon signed-rank
test, were conducted using the wilcox.test() function from the stats package.
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Results

Recruitment and Retention

Figure 2 illustrates the recruitment and retention process for the study participants.

Figure 2. Flow Diagram of Study Participants

A total of 77 participants were assessed for eligibility, of which 7 were excluded. The exclusion
reasons included failure to meet inclusion criteria (n = 4) and technical issues or devices not meeting
study requirements (n = 3). 70 participants who met eligibility criteria were enrolled consecutively.
Each new enrollee was assigned a study identification number in order of screening completion;
those with odd numbers  were allocated to  the intervention group (n = 35) and those with even
numbers to the control group (n = 35). Participants remained unaware of study arm definitions and
were  only  informed  that  their  PA data  would  be  recorded.  All  participants  allocated  to  the
intervention  group  received  the  assigned  intervention  and  completed  the  study.  Similarly,  all
participants in the control group continued using their wearable devices without intervention. For
data analysis, ten participants (five from each group) were excluded due to either (1) missing data—
defined as one or more days without any recorded step count or MVPA data (intervention group: n =
1; control group: n = 2), or (2) implausible values—defined as step count < 100 on one or more days
(intervention group: n = 4; control group: n = 3). Therefore, data from 60 participants (intervention
group: n = 30; control group: n = 30) were included in the final analysis.

Participant Characteristics

The demographic information of the participants is presented in Table 2. 

Table 2. Baseline demographic characteristics of participants

Variable CG (n = 30) IG (n = 30) p Method
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Mean  age  (years,
SD) [range]

19.03  (0.76)
[18.00–20.00]

18.97  (0.85)
[18.00–20.00] 0.754

Mann-
Whitney  U
test

Sex  (Female  /
Male) 13 / 17 15 / 15 0.796

Fisher's
exact test

Mean  height  (cm,
SD) [range]

169.57  (6.67)
[159.00–179.00]

170.17  (8.22)
[158.00–188.00] 0.796

Mann-
Whitney  U
test

Mean  weight  (kg,
SD) [range]

58.73  (7.95)
[47.00–72.00]

60.67  (8.73)
[48.00–75.00] 0.359

Mann-
Whitney  U
test

Mean BMI (kg/m²,
SD) [range]

20.31  (1.20)
[18.13–22.47]

20.82  (1.09)
[19.23–22.64] 0.078

Mann-
Whitney  U
test

As shown in Table 2, the mean age was 19.03 years (SD = 0.76) in CG (n = 30) and 18.97 years (SD
= 0.85) in IG (n = 30). The gender distribution was 13 females and 17 males in the CG and 15
females and 15 males in the IG, respectively. Differences in basic demographic variables, including
sex,  height,  weight,  and  body  mass  index  (BMI),  were  not  statistically  significant  (p  >  0.05),
indicating comparable demographic characteristics between the two groups.

Engagement and Usability

Table 3 provides an overview of the interactions between the AI Coach and participants. 

Table 3. Exchanges, duration, and initiation results 
Variable Total Mean（SD）
Exchanges
  Total number of messages exchanged 3081 -
  Total conversation (rounds) 516 17.20 (8.72)
Duration
  Shortest conversation length 0:00:08 -
  Longest conversation length 0:17:00 -
  Average conversation length - 00:03:02 (00:03:40)
  Median conversation length 0:05:49 -
Initiation
  AI Coach initiated conversation (rounds) 205 6.83 (3.72)
  Participant initiated conversation (rounds) 311 10.42 (7.13)

SD: Standard Deviation

A total of 3,081 messages were exchanged between the participants and the AI Coach, including the
AI Coach's default daily message, resulting in 516 rounds of conversation. A conversation was only
counted  as  a  round if  the  participant  responded within  30  minutes  of  receiving  the  AI  Coach's
message.  Of  the  total  conversations,  the  majority  were  initiated  by  the  participants  (60.27%)
compared  to  those  initiated  by  the  AI  Coach.  The  average  number  of  conversation  rounds  per
participant was 17.20 (SD = 8.72). The longest conversation lasted 17 minutes, while the shortest
was 8 seconds. On average, each conversation lasted 3 minutes and 2 seconds (SD = 3 minutes and
40 seconds), with the median conversation duration being approximately 6 minutes (00:05:49).
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At the end of week 4, the participants' average SUS score was 85.75 (SD = 3.99) (Table 4), which is
considered to reflect excellent usability [47]. 

Table 4. Scores for the System Usability Scale (SUS) following the intervention 
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Based on the average score, participants generally agreed or strongly agreed that the system was easy
to use, that they felt confident using it, and that most would learn to use it quickly. Additionally, the
average  scores  indicated  that  participants  generally  disagreed  or  strongly  disagreed  with  the
statements suggesting they needed the support of a technical person to use the system and that they
needed to learn extensively before being able to use it.

In terms of the user experience questionnaire, 93.33% of participants reported feeling that the AI
Coach made them more active, 86.67% indicated that they would recommend the AI Coach to others,
and 90.00% expressed a willingness to continue using the AI Coach.

Efficacy 

As shown in  Table  5  and  Figures 3  and  Figure  4,  from baseline  to  week  8,  the  IG showed  a
significant increase in PA. Specifically, the average daily step count increased by 557 steps and the
duration of weekly MVPA increased by 8.73 minutes, both of which reached statistical significance.

Table 5. Average Daily Steps and Weekly MVPA of Groups
Behavioral  Performance
Indicators

Groups
Pre-intervention
(Mean ± SD)

Post-intervention
(Mean ± SD)

Steps (steps/day) CG 7202 ± 808 7094 ± 556
IG 7427 ± 440 7984 ± 812

MVPA (min/week) CG 88.23 ± 12.15 89.17 ± 7.64
IG 92.20 ± 6.08 100.93 ± 9.57

Figure 3. Changes in average daily step count from pre- to post-intervention in the CG and IG
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Figure 4. Changes in weekly MVPA from pre- to post-intervention in the CG and IG

Before the intervention, there were no statistically significant differences between the IG and the CG
in terms of step count (p = 0.062 or MVPA (p = 0.117) (see Table 6). Following the intervention, the
IG exhibited a significant increase in both step count (p < 0.001) and MVPA (p < 0.001), indicating
the efficacy of the AI coaching intervention in promoting PA (see Table 6 and Figure. 3 – 4).

Table 6. Comparison of Steps count and MVPA Between Groups
Behavioral
Performance
Indicators

Comparison Test Method p Levene_p

Steps CG Pre vs Post Paired t-test 0.345
IG Pre vs Post Wilcoxon

signed-rank test
0.004**
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CG vs IG (Pre) Mann–Whitney
U test

0.062 0.0545

CG vs IG (Post) Unpaired t-test 0.000** 0.1295
MVPA CG Pre vs Post Paired t-test 0.638

IG Pre vs Post Paired t-test 0.000**
CG vs IG (Pre) Welch's

ANOVA
0.117 0.005*

CG vs IG (Post) Welch's
ANOVA

0.000** 0.55

**p < 0.01

In  contrast,  no  significant  changes  were  observed  in  the  CG  between  the  baseline  and  post-
intervention assessments for either step count (p = 0.345) or MVPA (p = 0.638), suggesting a lack of
an effect in the absence of intervention.

Before the intervention, there were no significant differences between the groups in step count (p =
0.060)  or  MVPA  (p  =  0.117).  However,  post-intervention  comparisons  revealed  that  the  IG
significantly outperformed the  CG in both step count  and MVPA, with both  outcomes  reaching
statistical significance (p < 0.001 for both). These findings further underscore the positive impact of
the AI coaching intervention on PA levels.

Within-group  comparisons  indicated  that  increases  in  step  count  and  MVPA in  the  IG  were
statistically significant, as assessed using the Wilcoxon signed-rank test (p < 0.001 for steps count; p
<  0.001  for  MVPA).  In  contrast,  CG  did  not  exhibit  any  significant  within-group  changes.
Independent-sample t-tests conducted on post-intervention data showed that the IG had significantly
higher step counts and MVPA than the CG (p < 0.001 for both), highlighting a clear intervention
effect.

Within-group  comparisons  indicated  that  increases  in  step  count  and  MVPA in  the  IG  were
statistically significant, as assessed using the Wilcoxon signed-rank test (p < 0.001 for steps count; p
<  0.001  for  MVPA).  In  contrast,  CG  did  not  exhibit  any  significant  within-group  changes.
Independent-sample t-tests conducted on post-intervention data showed that the IG had significantly
higher step counts and MVPA than the CG (p < 0.001 for both), highlighting a clear intervention
effect.

Adverse Events

No adverse reactions were reported during the intervention.

Discussion

Engagement, Usability and Efficacy

The  AI  coach  has  demonstrated  the  potential  to  enhance  PA levels  among  university  students,
proving to be a safe, usable, efficacious, and practical intervention.

The average number of conversation turns with the AI coach was 17.20 ± 8.72, exceeding the 12 ±
8.84 turns reported for Tess during its longer 12-week intervention period [30]. Additionally, unlike
Tess  [30],  where  only  26.39%  of  conversations  were  initiated  by  participants,  in  our  study,  a
significant majority (60.27%) of conversations were initiated by the participants themselves. This
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suggests  that  participants  were  more  actively  engaged  in  their  interactions  with  the  AI  coach,
possibly  because  the  AI  provided  personalized  encouragement  and  practical  plans  that  helped
improve their PA levels, better meeting their needs and motivating them to engage in conversations.

Conversation durations ranged from 8 seconds to 17 minutes,  which may have depended on the
complexity  of  the  questions  asked  by  participants  or  the  number  of  topics  discussed.  Longer
conversation durations might indicate greater participant interest in certain topics or the need for
more detailed information and advice, while shorter durations may suggest simpler inquiries or that
participants were satisfied with the responses provided.

The average System Usability  Scale  (SUS) score was 85.75, which indicates  excellent usability,
surpassing the scores of previous studies (84 and 75) [48,49]. This could be attributed to the fact that
participants were already familiar with using WeChat, and the interface and interaction style of the
AI coach resembled that of WeChat, eliminating the need for additional downloads and registration.
This reduced barriers to use and increased user acceptance and convenience. Participants rated the
usability aspects of the system highly, particularly for ease of use (SUS items 2, 3, 4, 7, 8, 10).
However, there were higher expectations regarding the integration of system functions (SUS item 5)
and consistency (SUS item 6). This suggests that future improvements should focus on optimizing
the integration and consistency of the system’s functionalities to further enhance the user experience.

Before the intervention, no statistically significant differences were found between the 
IG and CG groups in terms of age,  gender,  height,  weight,  or BMI (see Table 2). This baseline
equivalence suggests that the two groups were comparable prior to the intervention,  providing a
reliable foundation for interpreting the differences observed after the intervention.

After 8 weeks of intervention, participants showed a significant increase in their average daily step
count (an increase of 393 steps) and weekly MVPA duration (an increase of 4.18 minutes). These
results are consistent with those of a previous study, which showed that chatbots combined with
wearable devices were more efficacious in enhancing PA levels than using wearable devices alone
[40].

Strengths and Limitations

This study is the first to investigate the use of Doubao-based interventions for improving PA levels.
Since participants in this study were already using wearable devices, we were able to assess the
impact of the chatbot independently of the wearable device, providing a more accurate measure of its
effects on PA promotion. This design offers deeper insight into the potential role of chatbots in health
behavior change, particularly in their ability to function both in conjunction with existing health
management  tools  and  as  standalone  interventions.  Furthermore,  the  comprehensive  data  on
engagement, usability, and intervention efficacy reported in this study provide a valuable reference
for future research and comparisons. The study introduces novel perspectives and methodologies,
contributing to the advancement of related research.

However,  there  are  several  limitations.  First,  the  relatively  small  sample  size  may  limit  the
representativeness and reliability of the findings, which could affect their generalizability. Second,
participants' experiences were assessed exclusively through a questionnaire, which may restrict the
depth of the investigation and potentially fail to fully capture their actual user experience. Third,
while  the  validity  of  step  count  measurements  from  wearable  devices  is  well  established,  the
estimation of MVPA by consumer-grade devices, although improved in recent years, still exhibits
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systematic  bias  and may not  precisely  reflect  true  MVPA levels.  Therefore,  outcomes involving
MVPA duration should be interpreted with caution in light of potential measurement limitations.

Future Research and Applications

Future improvements and explorations should address both technological advancements and research
methodologies.

From a  technological  perspective,  real-time  data  acquisition  could  be  automated  (as  this  study
manually collected data the following day) to enhance the timeliness and accuracy of data collection.
Beyond  steps  and  MVPA,  future  studies  could  incorporate  additional  data  types,  such as  sleep,
sedentary behavior, blood pressure, blood glucose, and heart rate, as well as real-time local weather,
environmental  conditions,  and  other  contextual  factors.  Integrating  voice,  images,  and  video
technologies could simulate a more realistic coaching experience, offering participants a richer and
more personalized interaction. Furthermore, the system could be individualized based on personal
data, exercise goals, and other health objectives, allowing users to customize the AI Coach’s settings
to  their  preferences  (e.g.,  gender,  age,  communication  style),  thus  enhancing  the  overall  user
experience.

In terms of research methodology, increasing the sample size would improve the representativeness
and  reliability  of  the  findings.  Qualitative  research  should  also  be  incorporated  to  gain  deeper
insights  into participants'  experiences and to provide more detailed and nuanced data to  support
future intervention improvements. Additionally, expanding the study population beyond university
students to include diverse demographics would allow for a more comprehensive evaluation of the
AI Coach’s efficacy across different populations, thereby assessing its broader applicability.

Conclusions
The Doubao-based AI Coach has demonstrated significant potential in enhancing PA levels among
university students, representing a safe, efficacious, and practical intervention. Future studies could
integrate  more  personalized  data,  incorporate  additional  environmental  factors,  and  refine  the
interaction format to enhance the overall user experience. Moreover, further in-depth research, based
on  larger  sample  sizes,  is  essential  to  assess  the  intervention’s  efficacy,  explore  participants’
experiences  in  greater  detail,  and  validate  its  applicability  across  diverse  populations,  thereby
ensuring the generalizability of the results.
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