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Abstract. Conversational agents (CAs, aka chatbots) for behavioral interventions 
have great potential to improve patient engagement and provide solutions that can 
benefit human health. In this study, we examined the potential efficacy of chatbots 
in assisting with the resolution of specific barriers that people frequently encounter 
when doing behavioral interventions for the purpose of increasing physical activity 
(PA). To do this, six common barriers (i.e., things that stand in the way of increasing 
PA) were targeted (e.g., stress and fatigue), we adopted domain knowledge (i.e., 
psychological theories and behavioral change techniques) to design six interventions 
aimed at tackling each of these six barriers. These interventions were then 
incorporated into consultative conversations, which were subsequently integrated 
into a chatbot. A user study was conducted on non-clinical samples (n=77) where 
all participants were presented with three randomly but equally distributed chatbot 
interventions and a control condition. Each intervention conversation addressed a 
specific barrier to PA, while the control conversation did not address any barrier. 
The outcome variables were beliefs in PA engagement, attitudes toward the 
effectiveness of each intervention to resolve the barrier, and the overall chatbot 
experience. The results showed a significant increase in beliefs of PA engagement 
in most intervention groups compared to the control group, and positive attitudes 
toward the effectiveness of the interventions in reducing their respective barriers to 
PA, and positive chatbot experience. The results demonstrate that theory-grounded 
interventions delivered by chatbots can effectively help people overcome specific 
barriers to PA, thereby increasing their beliefs in PA engagement. These promising 
findings indicate that chatbot interventions can be an accessible and widely 
applicable solution for a larger population to promote PA. 
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1. Introduction 

Regular physical activity (PA) is essential for maintaining health and preventing diseases 

[28][29]. Despite numerous benefits of PA (e.g., improving both physical and mental 

health), many people struggle to engage in regular PA. Various barriers (e.g., lack of 

time and motivation) have been identified as reasons for low PA levels. Nowadays, 

chatbot-delivered interventions are mostly used in the context of health, such as mental 
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health and chronic disease management. Although the use of chatbots in PA promotion 

is a promising area of research [6][8], there is limited evidence on their effectiveness in 

addressing perceived barriers to PA in individuals. The current study aims to fill this 

research gap by carrying out a user-centered study with a theory-grounded chatbot to 

evaluate the effectiveness of chatbot-delivered intervention in promoting PA. 

The objective of this work is to develop a chatbot to investigate its effectiveness in 

overcoming human perceived barriers to PA. To achieve this, a focus group was 

conducted in living lab [37] to investigate the barriers people encounter when trying to 

do PA. The evidence-based results of this focus group found six common barriers to PA: 

stress, fatigue, intrinsic motivation, time management, habit formation, and unsupportive 

social environment. These identified barriers represented the most common obstacles 

preventing people from engaging in PA, thus addressing them can maximize intervention 

effectiveness for more individuals. In the present study, interventions were developed as 

consultative conversations which were pre-scripted and grounded by domain knowledge 

(e.g., motivational interviewing (MI) [9] and graded exercise therapy (GET) [15]) to 

resolve these six barriers, and these conversations were then integrated into a chatbot. 

Therefore, the research questions of present study are as follow: Whether chatbot-

delivered interventions can effectively help address specific barriers to PA? (RQ1) 

Whether chatbot-delivered interventions can increase participants’ beliefs of PA 

engagement by means of reducing participants’ perceived barriers to PA? (RQ2) 

Findings from the current study show that the chatbot interventions were well-

received by the participants with high levels of satisfaction. This provides valuable 

insights into the effectiveness of using a chatbot to overcome barriers to PA, and suggests 

that chatbots can be a promising tool for promoting PA by addressing specific barriers 

to PA. The main contributions and novelties of this work are: 1). The theory and 

evidence-grounded chatbot-delivered interventions designed by human experts to 

address six most common barriers to PA; 2). One of the first user studies to evaluate the 

effectiveness of a domain knowledge-grounded chatbot as a behavioral intervention to 

resolve specific barriers to PA; 3). Enable the exploratory vision that a chatbot can be 

integrated with AI techniques for automatically identifying individual barriers to PA 

during the conversation thereby providing tailored supports for PA promotion. 

2. Background and Related work 

Behavior change [30] is a complex process that is influenced by various factors, 

including individual differences and environmental factors. These factors can act as 

barriers to successful behavior change and can make it challenging for individuals to 

achieve their health goals. As a result, researchers have focused on identifying and 

addressing these barriers to improve the effectiveness of behavioral interventions. In 

recent years, studies have demonstrated that overcoming barriers to behavior change can 

improve the effectiveness of behavioral interventions. For instance, studies [1][2][3] 

found that addressing common barriers to PA (e.g., lack of motivation) was associated 

with significant improvements among individuals and can help individuals increase their 

likelihood of success in achieving their goals of behavior change. 

In recent years, there has been increasing interest in using technology to help people 

overcome the barriers and promote PA [1][6][8]. In this context, chatbots have received 

considerable attention which can provide personalized advice to individuals, making it 

easier for people to engage in regular PA. Several studies have investigated the 
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effectiveness of chatbots in promoting PA [4][5][6][8][27]. From these studies, the 

chatbot was found to be effective in improving participants’ self-reported PA levels. 

However, there are still several challenges that need to be addressed. For instance, there 

is a need for more studies that examine the effects of chatbot-delivered interventions on 

helping people overcome specific barriers during the behavior change, which is the 

research gap we explored in the present study. Incorporating natural language processing 

(NLP) techniques can enhance the capabilities of chatbots and make the chatbot more 

user-tailored and intelligent. For instance, in a study [6], a classification model was 

embedded in a chatbot to identify the barriers of smoking cessation. This model can 

classify users’ responses into one of several predefined categories of barriers (e.g., stress 

or lack of motivation) and provide tailored responses to address such identified barrier. 

3. Methods 

3.1. Overview of the study design 

This present study was designed to evaluate interventions to overcome different 

perceived barriers to PA. We employed a within-subjects design where all participants 

were presented with three random chatbot interventions and a control condition. Each 

intervention conversation addressed a specific barrier to PA, while the control 

conversation did not address any barriers. Three dependent variables were investigated 

in the study: beliefs in PA engagement, attitudes toward the effectiveness of the 

interventions in resolving their respective barriers to PA, and the overall chatbot 

experience. The study was approved by the Ethics Committee of Social and Behavioral 

science faculty in the University of Amsterdam. (ERB number: 2022-COP-15774) 

 

Figure 1. Flow of the study procedure and the recruitment process. 

3.2. Participants 

An a-priori statistical power analysis using G*Power revealed that the target was 

minimum 27 participants per intervention for a power of .8 to detect an effect size of .5 

with a significance level of .05. Participants had to be at least 16 years old and proficient 
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in English and were required to have a smartphone on which the chatbot application 

(Telegram [33][33]) can be installed. Participants were recruited through social media, 

word of mouth, and Behavioral Science Lab of the University of Amsterdam. From 

January 6th 2023 to January 26th 2023, 77 participants were recruited who met the 

requirements, agreed to the terms of the study, and completed the study in its entirety. 

3.3. Procedure 

Participants started the study by reading an information letter in which they were 

informed on the goal and procedure of the study. If participants agreed to the terms of 

the consent form, they were presented with a link to the chatbot on the chatting 

application “Telegram”. Otherwise, they were informed that they could withdraw from 

the study at any time. All participants went through both control conversation and three 

randomly assigned experimental intervention conversations. The control condition was 

always the first conversation that the participant came across followed by three 

experimental intervention conversations. The order of the experimental interventions 

was randomized by the survey tool Qualtrics to ensure the effects of each intervention 

were counterbalanced. After the control and each intervention conversation, participants 

answered surveys on Qualtrics about their attitudes toward the conversation for resolving 

the specific barrier and their beliefs of PA engagement. Lastly, participants were asked 

to evaluate their interactive experience with the chatbot. In all questionnaires attention 

checks were used to ensure that participants did not skip the questions. At the end of the 

study, all participants received a message thanking them for their participation. 

3.4. Materials and Operationalizations 

Chatbot mechanisms and embedded NLP techniques. The chatbot system was 

developed by the team leading the TIMELY project [34][36]. A technical scheme was 

proposed to efficiently and modularly develop such domain-specific conversational 

agents used for behavioral intervention and counselling, called ‘Micro-conversation 

Scheme’. ‘Micro-conversations’ represent brief theory-grounded conversations pre-

scripted by the domain experts. Each ‘micro-conversation’ has a conversational topic 

(e.g., intervention for fatigue, intervention for stress, goal setting) Then we used own 

developed dialogue management model to connect all these ‘micro-conversations’ by 

specific sequence and a central database to store all user information collected from 

ongoing ‘micro-conversations’ to make the chatbot contextual-aware. Additionally, the 

chatbot was enhanced by various NLP techniques (e.g., sentiment analysis, text 

classification and generation models) to give contextual-appropriate responses, for 

instance, a multi-tasks NLU layer to do both intent resolution and sentiment 

classification which enable the chatbot to give sentiment-appropriate responses. Besides, 

we embedded the generative model into the pre-scripted conversations as a flexible 

plugin module to generate the contextual reflections (e.g., affirmation and 

encouragement) on the user inputs, thereby facilitating users' motivation towards PA. 

Further, we propose that a classification model can be integrated to automatically detect 

the barrier(s) that people may have during the conversation, subsequently providing 

tailored intervention, which is a direction in the further study. 

Conversational design and strategy. The conversations (micro-conversations) used 

in the present study were pre-scripted by human experts from the domain of Psychology 

and Behavioral Science. Conversations were grounded in the theories (e.g., Motivational 
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Interviewing (MI) [9] and various behavioral change techniques [1]) tailoring to resolve 

each specific barrier to PA identified in the aforementioned focus group with evidences 

and motivational techniques, such as MI, to facilitate users' intrinsic motivation towards 

PA. The pre-scripted conversational topics including greeting (to initially build 

relationship with users) and six interventions targeting six identified barriers to PA. We 

observed that users generally responded positively and engaged in meaningful dialogue 

with chatbot. Theory-grounded conversations were designed to address unique barriers 

ensuring that each dialogue was relevant and effective in helping individuals overcome 

their specific challenges. Focusing on one intervention per barrier simplified the chatbot 

development and provided the targeted solutions that directly addressed each barrier 

making it easier to evaluate the effectiveness of interventions. It also helped identify the 

successful interventions thereby optimizing chatbot's performance. The chatbot was able 

to adapt its responses based on users' input providing tailored support to address their 

concerns. Therefore, the chatbot’s intelligence is not only based on the psychological 

and behavior change theories ensuring that our intervention content was evidence-based 

and theoretically grounded, but also enhanced by multiple additionally embedded NLU 

and NLG models to make the chatbot more intelligent and contextual-aware. Continuous 

evaluation and adaptation are essential for diverse populations and future research can 

explore other significant barriers by extending the micro-conversations. 

 
Figure 2. An example of conversational snippet using Behavioral Change Strategy (Small-Win) and MI to 

overcome barrier (Fatigue). Grey boxes represent CA’s output utterances, while purple and blue box are user 

input (conversational paths depend on the result from sentiment model). The red oval highlights multi-task 

NLU layer (intent and sentiment classifications). The green oval is NLG model for generating MI reflections. 

Control conversation. The control condition was chosen as a neutral conversational 

topic to establish a baseline for comparison with the experimental intervention 

conversations. Conversations for the control condition were designed to provide brief 

summaries of two books which described various strategies to increase PA. The barriers 

to PA were not addressed in the control conversation. The first book was “Not a Diet 

Book” by James Smith and the second book was “The Fitness Mindset” by Brian Keane. 

After the control conversation, the participants were asked to fill out the questionnaire 

about their attitudes toward the books and about their beliefs in PA engagement. 

Intervention for reducing Stress. Previous research [11] concluded that stress could 

be a barrier to PA and mindfulness [12][32] was suggested to be able to significantly 

eliminate stress. For this information, the chatbot informed the participant that stress can 

be a barrier to PA, participants were then instructed to perform a two-minute mindfulness 
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exercise to reduce stress, which intended to be associated with an increased likelihood 

they would engage in PA. Following the mindfulness condition, participants were 

instructed to fill out a questionnaire regarding their attitudes toward the effectiveness of 

intervention to solve stress as a barrier to PA. This questionnaire was partly self-

constructed and based on Perceived Stress Scale [13]. An example item of the questions 

was “Do you think the mindfulness exercise you just did would help you to become less 

stressed?” The items ranged from 1 (“strongly disagree”) to 5 (“strongly agree”).  

Intervention for reducing Fatigue. Following the completion of the chatbot 

intervention, participants were asked to complete the modified fatigue assessment scale 

(FAS) questionnaire [14] to determine whether the intervention could alleviate 

symptoms of fatigue. The original FAS questionnaire [14] consisted of 10 items and the 

present study utilized six of those questions. An example item of the questions was "Do 

you think this intervention would help you with starting things?"All questions utilized a 

five-point Likert scale, ranging from 1 (strongly disagree) to 5 (strongly agree). 

Intervention for enhancing Motivation. Participants had an intervention with the 

chatbot about intrinsic motivation for investigating the influence of mindfulness on PA 

engagement through intrinsic motivation as a mediator. The intervention was followed 

by a survey with 7 questions on the topics of intrinsic motivation. The questions on both 

topics were loosely based on specific items in the Exercise Motivation Scale [16]. An 

example item of the questionnaire was on the topics of intrinsic motivation, e.g., “Do 

you usually enjoy physical activity?” All questions were answered through a 5-point 

Likert scale, ranging from 1 “strongly disagree” to 5 “strongly agree”. 

Intervention for enhancing Time management. This intervention was used to 

improve time management by using implementation intentions. Participants were asked 

about their current level of PA and were informed about their barrier time management. 

Implementation intentions were presented as a strategy to overcome time management 

as a barrier by giving a definition and example of implementation intention to implement 

PA into their daily schedule. Time management was measured by a self-constructed five-

item questionnaire based on the Assessment Time Management Skills (ATMS) 

questionnaire [19]. An example item was “Do you think this intervention would help you 

to manage your time well?” The items ranged from 1 (“strongly disagree”) to 5 (“strongly 

agree”). A higher mean indicated higher time management skill.  

Intervention for Habit formation. Participants in this intervention had a 

conversation designed to assist them in selecting relevant and stable environmental cues, 

e.g., having dinner that was expected to be followed by a 10-minute walk. They were 

also informed about important aspects of habit formation to provide more useful insight 

for the planning stage. After the intervention, participants were asked to answer five self-

constructed questions (e.g., “Do you think that such an intervention about forming new 

habits can be useful for increasing physical activity?”) that were supposed to measure 

the participants predictions about the usefulness of such an intervention in helping habit 

formation. The items ranged from 1 (“strongly disagree”) to 5 (“strongly agree”). 

Intervention for resolving Unsupportive social environment (USE). In this 

intervention, participants had a conversation with the purpose to support the participant 

in identifying their tailored solution to create a supportive social environment for PA. 

Effectiveness of USE intervention was measured by a self-constructed eight-item 

questionnaire based on the interpersonal barriers of PA found in study [25]. Participants 

were asked for instance, “Do you think the plan you came up with will help you develop 

a supportive social environment for exercise?” The item was answered on a Likert scale 

ranging from 1 (“strongly disagree”) to 5 (“strongly agree”). 
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Belief of PA engagement. PA engagement was assessed using a self-constructed 

three-item questionnaire including items like “Do you think you would be more 

physically active after the conversation you just had?” The items ranged from 1 

(“strongly disagree”) to 5 (“strongly agree”). After each conversation (i.e., both control 

conversation and each intervention conversation), participants were asked to fill out the 

questionnaires. The present study used surveys to assess the subjective measurements of 

PA immediately after the interventions rather than the objective measurements of PA 

some time after the interventions, because current work aimed to explore the initial 

perceptions and beliefs of participants regarding the effectiveness of these interventions 

in overcoming barriers and promoting PA. The immediate post-intervention assessment 

of participants' beliefs and attitudes was a deliberate choice as it allowed us to capture 

their immediate reactions to the interventions. Future research could incorporate 

objective measurements of PA to complement subjective assessments. 

Chatbot user experience. The user experience with the chatbot was measured using 

a self-constructed five-item questionnaire adapted from BUS questionnaire [10]. An 

example item included “Was the chatbot easy to understand?” The items ranged from 1 

(“strongly disagree”) to 5 (“strongly agree”). Participants were asked to fill out this 

questionnaire at the final stage of the study after all conversations had been completed. 

4. Results 

4.1. Main analysis 

Stress. 30 participants were involved in the intervention for stress after all exclusion 

criteria. A one sample t-test was used to test whether expected believed stress levels 

(M=3.60, SD=.72) were significantly different than the neutral level of believed stress 

(M=3.00) after mindfulness condition. These results concluded that the difference in 

means was .60, t(30) = 4.52, p < .001. The questionnaire on believed stress was coded 

that higher scores on the questionnaire meant lower believed stress. A paired samples t-

test was done to determine whether expected believed PA levels after control condition 

(M=3.40, SD =.69) were significantly different than the expected believed PA levels 

after mindfulness condition (M=2.97, SD=.96). Results of this test showed that the 

difference in means was .43, t(30) = 3.03, p = .005. Thus, expected believed PA levels 

after control condition were significantly higher than expected believed PA levels after 

mindfulness condition, which was not in line with our prediction. A correlational analysis 

was conducted to test whether, after mindfulness condition, expected believed stress 

levels (M=3.60, SD=.72) were significantly correlated to expected believed PA levels 

(M=2.97, SD=.96). The results determined that the correlation is r(30) = .57, p = .001. 

Hence, expected believed stress levels were significantly correlated to expected believed 

PA levels after mindfulness condition, which was commensurate with our prediction. 

Fatigue. 31 participants were involved in the intervention for fatigue after all 

exclusion criteria. A one-sample t-test was performed to determine whether participants’ 

attitudes toward the effectiveness of this intervention can be helpful to reduce fatigue. 

The results showed that the mean fatigue score (M=3.32, SD=.60) was significantly 

higher than the neutral value (M=3.00), t(31) = 3.60, p < .001. A paired samples t-test 

was performed to determine whether there was higher difference in the beliefs of PA 

engagement in the experimental condition compared to the control condition. The higher 

the scores meant the more that participants felt that they would want to be more 
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physically active after the intervention. There was a significant difference in beliefs of 

PA engagement between the conditions, namely the experimental condition (M=3.27, 

SD=.83) had a mean of 0.37 higher than the control group (M=2.90, SD=1.04), t(31) = 

1.90, p = .033. A Pearson’s correlation analysis was performed and a significantly 

positive correlation was found between the mechanism of action and beliefs of PA 

engagement in the experimental condition, r(31) = .66. A moderate positive correlation 

was found between the mechanism of action and beliefs of PA engagement in the control 

condition, r(31) = .23.  

Motivation. 31 participants were involved in this intervention after all exclusion 

criteria as the experimental condition to overcome the barrier of lacking motivation. The 

results of the one sample t-test showed that the mean motivation score for the participants 

(M=3.54, SD=.49) was significantly higher than the population mean of 3.00, t(31) = 

7.69, p < .001. This shows that the mindfulness-based intervention used in the chatbot 

conversation had a positive influence on the participants’ scores on the intrinsic 

motivation questionnaire. The results of the paired samples t-test showed that the mean 

score on the beliefs of PA engagement in the experimental condition (M=3.44, SD=.99) 

was significantly higher than the control condition (M=2.95, SD=.91); t(31) = -3.51, p 

= .005). A Pearson’s correlation analysis was performed to compare the relationship 

between the scores on the intrinsic motivation questionnaire and respectively scores on 

the beliefs of PA engagement questionnaire. The results show that there was an important 

difference in the correlation with the mean score on the beliefs of PA between the control 

group (r=.04, p=.81) and the experimental group (r=.62, p<.001), which means, the 

intervention group showed a significant positive correlation.  

Time management. 28 participants were involved in this intervention after all 

exclusion criteria. The one sample t-test revealed that time management (M=3.28, 

SD=.76) after the intervention differ from the neutral value (M=3.00), t(28) =  1.94, p 

= .063, indicating an improvement of time management after the intervention 

conversation. The paired samples t-test showed that participants reported higher beliefs 

of PA engagement after the intervention conversation (M=3.40, SD=.78) than after the 

control conversation (M=3.23, SD=.85), t(28) = -1.19, p = .285, indicating potential 

effectiveness of the intervention on increasing belief of PA engagement. The correlation 

analyses showed that all measured variables were positively correlated. Time 

management significantly predicted beliefs of PA engagement after the intervention 

conversation, r = .54, p = .002, and after the control condition, r = .46, p = .013.  

Habit formation. 32 participants were involved in this intervention after all 

exclusion criteria. One sample t-test was performed to examine participants’ opinions 

about whether a chatbot conversation about habit formation can be useful for helping 

people with habit formation (M=3.82, SD=.58), t(32) = 7.94,  p < .001, compared to the 

population value (M=3.00). Paired samples t-test was performed. In line with our 

expectations, participants after the habit formation chatbot conversation scored 

significantly higher (M=3.57, SD=.44) on beliefs to engage in more PA, than after 

control chatbot conversation (M=3.28, SD=.72), t(32) = -2.46,  p = .024. A correlational 

analysis showed that participants’ opinions about whether a chatbot conversation about 

habit formation can be useful after the habit formation condition were significantly 

correlated to belief of PA engagement, r(32) = .68.  

Unsupportive social environment. 32 participants were involved in this intervention 

after all exclusion criteria. One sample t-test showed that mean score of attitudes towards 

reducing USE (M=3.43, SD=.75) was higher than the population mean 3.00, t(32) = 3.26, 

p < .001. A paired samples t-test was conducted to compare the mean scores on beliefs 

X. Sun et al. / Virtual Support for Real-World Movement208



  

in PA engagement. On average participants reported slightly stronger beliefs in PA 

engagement after the intervention (M=3.08, SD=.86), in comparison to after the control 

(M=3.02, SD=.97). In addition, the correlations were conducted to see whether those 

differ in predictability of belief in PA engagement. The result indicates that there was a 

significant correlation between attitude toward the intervention to resolve the barrier 

USE and beliefs in PA engagement after experimental condition, r = .71, p < .001. 

Table 1. Descriptive statistics on three outcome variables. BPAE represents the belief of PA engagement. 

Variables n Min Max Mean SD 

Attitudes toward reducing Stress 30 1.00 4.00 3.60 .72 

BPAE after Experimental condition 30 1.00 4.00 2.97 .96 

BPAE after Control condition 30 1.00 4.00 3.40 .69 

Attitudes toward reducing Fatigue 31 1.33 4.00 3.32 .60 

BPAE after Experimental condition 31 1.00 4.00 3.27 .83 

BPAE after Control condition 31 1.00 4.33 2.90 1.04 

Attitudes toward enhancing Motivation 31 2.14 4.29 3.54. .49 

BPAE after Experimental condition 31 1.00 4.67 3.44 .99 

BPAE after Control condition 31 1.00 4.33 2.95 .91 

Attitudes toward enhancing Time Management 28 2.00 4.40 3.28 .76 

BPAE after Experimental condition 28 1.67 4.67 3.40 .78 

BPAE after Control condition 28 1.00 4.33 3.23 .85 

Attitudes toward Habit Formation 32 1.00 5.00 3.82 .58 

BPAE after Experimental condition 32 1.00 4.25 3.57 .44 

BPAE after Control condition 32 2.00 4.33 3.28 .72 

Attitudes toward resolving USE 32 1.88 4.75 3.43 .75 

BPAE after Experimental condition 32 1.67 4.33 3.08 .86 

BPAE after Control condition 32 1.00 4.33 3.02 .97 

Overall chatbot experience 77 1.00 5.00 3.43 .78 

Table 2. One sample t-test on the attitudes toward the effectiveness of each intervention to resolve specific 
barrier. VS. the population mean (M = 3.00). 

Variables Difference in mean t p 

Attitudes toward reducing Stress .60 4.52 < .001 

Attitudes toward reducing Fatigue .32 3.60 < .001 

Attitudes toward enhancing Motivation .50 7.69 < .001 

Attitudes toward enhancing Time Management .28 1.94 .063 

Attitudes toward Habit Formation .82 7.94 < .001 

Attitudes toward resolving USE .43 3.26 < .001 

Overall chatbot experience .50 5.81 < .001 

Table 3. Paired samples t-test on belief of PA engagement (BPAE) between control and experimental condition. 

Table 4. Correlation analysis between three outcome variables. 

Variables 1 2 3 

Attitudes toward reducing Stress 1   

BPAE after Experimental condition .57 1  

BPAE after Control condition .54 .59 1 

Attitudes toward reducing Fatigue 1   

BPAE after Experimental condition .66 1  

BPAE after Control condition .23 -.43 1 

Variables Difference in mean t p 

Stress: BPAE control VS. BPAE experimental .43 3.03 .005 

Fatigue: BPAE control VS. BPAE experimental -.37 1.90 .033 

Motivation: BPAE control VS. BPAE experimental -.57 -3.51 .005 

Time Management: BPAE control VS. BPAE experimental -.17 -1.19 .285 

Habit Formation: BPAE control VS. BPAE experimental -.29 -2.46 .024 

USE: BPAE control VS. BPAE experimental -.06 -.37 .726 
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Attitudes toward enhancing Motivation 1   

BPAE after Experimental condition .62 1  

BPAE after Control condition .04 .51 1 

Attitudes toward enhancing Time Management 1   

BPAE after Experimental condition .54 1  

BPAE after Control condition .46 .56 1 

Attitudes toward Habit Formation 1   

BPAE after Experimental condition .68 1  

BPAE after Control condition .50 .43 1 

Attitudes toward resolving USE 1   

BPAE after Experimental condition .71 1  

BPAE after Control condition .58 .45 1 

5. Discussion 

5.1. Main findings 

In this empirical study, we aimed to investigate the effectiveness of chatbot-delivered 

interventions in addressing specific barriers to PA. Our findings provided valuable 

insights into the potential of chatbot-delivered interventions. 

Stress. The major results of this intervention were in line with the hypotheses. 

Namely, the mindfulness conversation effectively reduced stress in participants and this 

reduction was associated with increased belief of PA engagement. The findings partly 

answered the research question that chatbot conversation about mindfulness decreases 

the likelihood that people experience stress as a barrier to PA. However, participants 

believed they would engage in more PA after control condition than the mindfulness 

condition, contrary to our expectations. It would be possible to say while the chatbot 

conversation about mindfulness can reduce the likelihood that participants experience 

stress as barrier to PA, the overall effectiveness of intervention needs further exploration. 

Fatigue. The intervention utilizing graded exercise therapy [15] to address fatigue 

was met with positive results, which support the hypothesis that a chatbot-delivered 

intervention shows potential in decreasing the feeling of fatigue while concurrently 

increasing the beliefs of PA engagement. This was evidenced by the mean of the 

participant’s attitudes towards the intervention being significantly higher than the neutral 

value. The finding also supports the hypotheses as the experimental fatigue group 

showed higher levels of beliefs to engage in PA compared to the control condition. In 

addition, a stronger positive correlation was found between the mechanism of action and 

beliefs of PA engagement in the experimental condition than the control condition. 

Motivation. The mindfulness-based intervention positively influenced intrinsic 

motivation in the context of beliefs in PA engagement. This finding aligns with previous 

research [17] that showed mindfulness-based intervention can increase the intrinsic 

motivation in PA engagement. The paired samples t-test results suggested that the 

mindfulness-based intervention used in the experimental condition had a positive 

influence on the beliefs of PA engagement which is also consistent with previous 

research [17] and hypothesis. The correlation comparison results suggested that the 

mindfulness-based intervention had a stronger correlation in establishing the relationship 

between intrinsic motivation and the beliefs of PA engagement which is in line with the 

research [18]. This study provided evidence to the effectiveness of a mindfulness-based 

intervention in enhancing intrinsic motivation for increasing beliefs of PA engagement.  
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Time management. This intervention aimed to determine whether a chatbot 

conversation about implementation intentions can decreases the likelihood that people 

experience time management as a barrier to PA. The results of one sample and paired 

samples t-tests showed a tendency that a chatbot conversation about implementation 

intentions better improves time management and beliefs in PA engagement compared to 

the control condition, and the participants with a high score on time management 

reported higher beliefs of PA which indicated that better time management predicted 

higher beliefs of PA engagement. These conclusions do agree with previous research 

[20] and supported the hypothesis that implementation intentions used to increase time 

management showing potential effectiveness in increasing the beliefs of PA engagement.  

Habit management. This intervention aimed to examine if the chatbot can be an 

effective tool to help people form new habits to do more PA. Results of the t-tests were 

in line with previous studies [21][22][23] and the hypothesis that habit formation 

intervention lead to increased willingness to engage in more PA compared to the control 

conversation. Results were also in line with the predictions of the habit formation model 

proposed in [24]. Additionally, the result of the correlational analysis and participants’ 

positive evaluation on the intervention indicated that chatbot-delivered habit formation 

intervention was highly promising for individuals struggling to establish new PA habits. 

USE. The current intervention built on previous research [26], which was one of the 

first to investigate the mediating effect of USE on PA through a chatbot-delivered MI 

intervention to the best of our knowledge. This intervention sought to investigate the 

effectiveness of a chatbot intervention for increasing PA in individuals with an USE. The 

main results suggested that there was no significant effect of the USE strategy delivered 

by the chatbot when comparing intervention and control conditions. However, the mean 

in the intervention group did indicate positive effectiveness of the intervention to a 

certain degree. Additionally, the correlation analyses did seem to signify that the 

effectiveness of the USE intervention was predictive of the beliefs in PA engagement. 

Overall chatbot experience. Intrigued by previous studies [6][8] using chatbots in 

psychology and healthcare, this study investigated whether chatbots can be an effective 

tool for delivering behavioral interventions. In line with our predications the chatbot was 

evaluated positively by the participants (M=3.43, SD=.78). Participants found the 

chatbot was easy to understand and gave enough information, which points to the fact 

that it can be used to mitigate the current need for increased healthcare resources. Despite 

the positive feedback that was received, some participants reported that they might not 

utilize the chatbot in their daily lives. This suggested that chatbot-based interventions 

should not be viewed as a complete replacement for traditional (mental) health 

interventions but rather as to supplement and enhance existing interventions. It could 

also be used to bridge the gap for patients who are on the waiting lists to receive treatment. 

5.2. Strengths and limitations  

This is one of the first studies exploring the use of theory-grounded chatbot to help people 

overcome the specific perceived barriers to PA as tailored intervention, thereby 

promoting the level of PA. The feasibility and effectiveness of this novel approach was 

investigated in this study. All pre-scripted conversational data and study design enabled 

replication and provided training examples for future chatbot development in this 

direction. Moreover, the findings of this study provide insights and possibility to develop 

our envisioned chatbots integrating automatic barrier identification model and provide 

subsequent user-tailored intervention, which build theoretical basis for future work.  
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The present study sheds some light on the use of chatbots for promoting PA, 

however, there are several limitations. Firstly, a self-constructed questionnaire was used 

to assess the beliefs of PA engagement, potentially leading to biased responses as people 

tend to respond in a way that others view as favorable. Future research should employ 

more objective measurements. Secondly, the missing comprehensive demographic 

information of participants made it impossible to draw conclusions about the 

representativeness of the tested sample. However, participants were recruited through 

the university which can therefore be assumed that a large part of the sample consisted 

of students. Thirdly, there was no pre-assessment to compare the attitudes towards 

interventions and beliefs of PA engagement. The use of pre-assessment measurement is 

important in experimental research as they establish a baseline to assess the change 

caused by the intervention. However, the decision not to use a pre-assessment was made 

to focus on the effects of different conversations on overcoming barriers and to keep the 

study design streamlined, reducing participant burden, and maintaining engagement. 

Baseline differences were assumed to be equally distributed across experimental 

conditions. The merits of pre- and post-test measurements are acknowledged, and 

appropriate pre-assessments will be considered for future studies with more complex 

designs. Fourthly, the study population may not fully represent individuals facing PA 

barriers and willing to engage in interventions. Current study aimed to initially explore 

the effectiveness of chatbot-delivered interventions in a broader population. Future 

studies will target more diverse and representative samples, including individuals facing 

greater PA challenges and intervention engagement. The low study completion rate may 

be attributed to factors such as strict criteria for excluding participants who did not meet 

all requirements, research credit-driven participation, curiosity clicks, and technical 

difficulties. To mitigate this limitation, future studies will encourage completion through 

clearer instructions, incentives, and more stable technical configurations. 

6. Conclusion and Future work 

Previous studies have demonstrated the gravity of finding innovative strategies to 

improve people’s PA. This study provides valuable insights into the potential 

effectiveness of using chatbot-delivered interventions to affect the likelihood that people 

experience specific barriers to PA, thereby promoting the level of PA. Substantial 

evidence has been found proving the relevance of overcoming specific barriers for 

increasing PA and demonstrating the positive perception of chatbots in the context of PA 

promotion. The present study has enhanced the understanding of the interventions 

delivered by chatbots that target the barriers to PA. The exploratory nature of this study 

allows us to draw a few implications for future research. Firstly, although chatbots can 

provide human-like interaction, they should not substitute for human healthcare 

providers. However, adding chatbots can enhance healthcare services by improving 

anonymity, accessibility, and personalization. Secondly, the utilization of AI and 

generative models in chatbots can enhance the efficacy of behavioral change therapy. 

For instance, integrating a text classification model to detect potential user barriers and 

provide tailored interventions may help people overcome the perceived barriers more 

efficiently. Thirdly, a long-term exploratory study on more representative population is 

planned to investigate the effectiveness of chatbots incorporating additional AI models 

and targeting a wider range of barriers to behavioral change, such as diet and sleep, 

leading to more comprehensive and reliable results and evidence.  
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