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Systematic review and meta-analysis of the effectiveness of
chatbots on lifestyle behaviours
Ben Singh 1✉, Timothy Olds1, Jacinta Brinsley1, Dot Dumuid1, Rosa Virgara1, Lisa Matricciani1, Amanda Watson 1,
Kimberley Szeto 1, Emily Eglitis 1, Aaron Miatke1, Catherine E. M. Simpson1, Corneel Vandelanotte2 and Carol Maher1

Chatbots (also known as conversational agents and virtual assistants) offer the potential to deliver healthcare in an efficient,
appealing and personalised manner. The purpose of this systematic review and meta-analysis was to evaluate the efficacy of
chatbot interventions designed to improve physical activity, diet and sleep. Electronic databases were searched for randomised and
non-randomised controlled trials, and pre-post trials that evaluated chatbot interventions targeting physical activity, diet and/or
sleep, published before 1 September 2022. Outcomes were total physical activity, steps, moderate-to-vigorous physical activity
(MVPA), fruit and vegetable consumption, sleep quality and sleep duration. Standardised mean differences (SMD) were calculated
to compare intervention effects. Subgroup analyses were conducted to assess chatbot type, intervention type, duration, output and
use of artificial intelligence. Risk of bias was assessed using the Effective Public Health Practice Project Quality Assessment tool.
Nineteen trials were included. Sample sizes ranged between 25–958, and mean participant age ranged between 9–71 years. Most
interventions (n= 15, 79%) targeted physical activity, and most trials had a low-quality rating (n= 14, 74%). Meta-analysis results
showed significant effects (all p < 0.05) of chatbots for increasing total physical activity (SMD= 0.28 [95% CI= 0.16, 0.40]), daily
steps (SMD= 0.28 [95% CI= 0.17, 0.39]), MVPA (SMD= 0.53 [95% CI= 0.24, 0.83]), fruit and vegetable consumption (SMD= 0.59
[95% CI= 0.25, 0.93]), sleep duration (SMD= 0.44 [95% CI= 0.32, 0.55]) and sleep quality (SMD= 0.50 [95% CI= 0.09, 0.90]).
Subgroup analyses showed that text-based, and artificial intelligence chatbots were more efficacious than speech/voice chatbots
for fruit and vegetable consumption, and multicomponent interventions were more efficacious than chatbot-only interventions for
sleep duration and sleep quality (all p < 0.05). Findings from this systematic review and meta-analysis indicate that chatbot
interventions are efficacious for increasing physical activity, fruit and vegetable consumption, sleep duration and sleep quality.
Chatbot interventions were efficacious across a range of populations and age groups, with both short- and longer-term
interventions, and chatbot only and multicomponent interventions being efficacious.
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INTRODUCTION
Insufficient physical activity, excessive sedentary behaviour, poor
diet and poor sleep are major global health issues and are among
the leading modifiable causes of depression, anxiety and chronic
diseases including type 2 diabetes, cardiovascular disease, obesity,
cancers and increased mortality1–3. The global economic burden
of chronic diseases has been estimated to be $47 trillion (USD)
between 2010 and 20254. Programs to assist people to adopt
healthier lifestyles to prevent and delay the onset of chronic
diseases are urgently needed.
Findings from previous systematic reviews and meta-analyses

show that various forms of interventions are effective for
improving physical activity, diet and sleep5–11. Receiving perso-
nalised support from health professionals, such as general
practitioners/physicians, dietitians and exercise physiologists, is
one of the most effective interventions to improve these
behaviours. However, interaction with health professionals often
requires traditional on-site (in-person) visits, and substantial time,
travel and financial costs for patients12. Furthermore, these
services are often limited to specific patient populations, such as
those with a diagnosed chronic disease. As such, many individuals
with poor health behaviours (who are at increased risk of chronic
disease), may have limited access to support from health
professionals to modify their lifestyle and reduce disease risk in

the future. Overall, changing these behaviours requires sustained
intervention, which can be cost-, time- and resource-intensive13.
Therefore, cost-effective and feasible behaviour change interven-
tions are required to reduce the prevalence of physical inactivity,
poor diet and poor sleep.
Advances in technology and increased access to the internet,

and devices such as smartphones and computers has offered new
opportunities to deliver accessible, individualised, and cost-
effective behaviour change interventions. Previously evaluated
online and digital-based interventions targeted towards improv-
ing physical activity, sleep and healthy eating have shown to be
effective14,15, yet several studies have highlighted various
challenges including a lack of initial and sustained engagement
of users, poor long-term adherence, attrition, and a lack of ability
of the intervention to adapt to the changing needs of
participants16–19.
Chatbots are conversational agents that act to replicate human

interaction through text, speech, and visual forms of communica-
tion20,21. Some chatbots use artificial intelligence (AI) and can be
programmed with scripted conversations, questions, and the
ability to provide individualised responses based on input from
the user. Artificial intelligence, including machine learning (a
statistical process of training models with data to make
predictions based on a variety of features) and natural language
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processing (NLP; the ability to identify and analyse verbal and
written language) can be used to interact with users via voice, text,
and other inputs and outputs22,23. Chatbots offer the potential to
provide accessible, autonomous, and engaging health-related
information and services, and have great potential to increase the
accessibility and efficacy of individualised lifestyle modification
interventions24,25. Previous findings indicate that chatbot inter-
ventions are effective for improving depression, anxiety, stress,
medication adherence21,25,26, and smoking cessation and reducing
substance abuse27. While previous reviews which have evaluated
the effectiveness of chatbot interventions for improving health
behaviours20,28, including physical activity29,30 and diet30 have
provided preliminary support for chatbot interventions, but have
not involved meta-analyses. Therefore, the purpose of this
systematic review and meta-analysis was to evaluate the efficacy
of chatbot interventions designed to improve physical activity,
diet and sleep.
The key findings of our study are that chatbot interventions

targeting physical activity, fruit and vegetable consumption, sleep
duration, and sleep quality show significant effects in improving
these outcomes. Text-based and AI chatbots are more effective
than speech/voice chatbots for promoting fruit and vegetable
consumption, while multicomponent interventions are more
effective for improving sleep duration and quality. Overall, chatbot
interventions are effective across populations and age groups,
with varying intervention durations and components.

RESULTS
Literature search and screening
After a search of databases, 2514 records were identified (see
Fig. 1 for PRISMA flow diagram). Following removal of duplicates,
and title and abstract screening, 74 full texts were retrieved, of
which 19 were included (see Fig. 1 for reasons for exclusions). The
included studies comprised of 11 RCTs, 2 non-RTs, 5 single group
pre-post studies, and 1 panel design trial. An overview of risk of
bias ratings based on the Effective Public Health Practice Project
Quality Assessment (EPHPP) tool is shown in Supplementary Table 1.
Most studies (n= 14) had a “weak” rating, with few having a
“moderate” (n= 4) or strong” (n= 1) rating. Meta-analyses were
performed for the following outcomes: total physical activity, daily
steps, moderate-to-vigorous physical activity (MVPA), fruit and
vegetable consumption, sleep duration and sleep quality.

Study characteristics
An overview of all study and participant characteristics is shown in
Supplementary Table 2, and chatbot characteristics are shown in
Supplementary Table 3. There was a total of 3567 participants and
sample sizes ranged between 25 and 958. Mean participant age
ranged between 9 and 71 (median= 44) years, and interventions
ranged between 2 weeks and 1 year (median= 6 weeks). Samples
consisted of apparently healthy adults (n= 824,31–37), older adults
(aged 65+, n= 138), adolescents (n= 139), families or parent-child
dyads (n= 340–42), physically inactive adults (n= 243,44), adult
cancer survivors (n= 145), adults with a body mass index of
25–35 kg/m2 (n= 146), adults with insomnia (n= 147) and children
with sleep difficulties (n= 148). Retention (the proportion of
enrolled participants who completed the intervention) ranged
between 47.9% to 100% (median: 90.6%). Most interventions
(n= 15) targeted physical activity, while 7 targeted healthy eating,
5 targeted sleep, and 3 targeted sedentary behaviour (of note,
8 studies targeted multiple behaviours). Over half of the
interventions (n= 11) were chatbot only, while n= 8 were
multi-component interventions. Multicomponent interventions
were comprised of chatbots plus additional components such as
pedometers or other wearable trackers (e.g., Fitbits), mailouts,
access to intervention websites and diaries and logs. Eight of the

chatbots were text-based outputs only, 3 were voice-based only, 8
involved combinations of text, voice, images, graphs and other
visual displays such as an avatar (n= 133), and the chatbots in
724,31,32,36,40,43,45 studies involved AI or NLP. Six trials based their
interventions on behaviour change models, which included the
following: Social cognitive theory (SCT)46, the Player Experience
and Need Satisfaction Model, the Agency, Challenge, Uncertainty,
Discovery, and Outcomes framework and SCT41; the Capability,
Opportunity, Motivation, Behaviour model32,43; SCT and the
Transtheoretical Model44; and the Health Action Process Approach
and Self-determination theory34. Behaviour change techniques
most commonly integrated across the interventions included goal
setting, self-monitoring, review of goals, problem-solving barriers,
motivation, feedback and peer/social support (Supplementary
Table 3).

Meta-analyses results
Meta-analyses of RCTs and pre-post trials showed significant
effects of chatbot-based interventions for increasing total physical
activity (SMD= 0.28 [95% CI= 0.16, 0.40], 10 studies, 1603
participants, I2= 12%, p < 0.01 [Hedge’s g]), MVPA (SMD= 0.53
[95% CI= 0.24, 0.83], 2 studies, 184 participants, I2= 0%, p < 0.01
[Hedge’s g]) and daily steps (SMD= 0.28 [95% CI= 0.17, 0.39],
6 studies, 1276 participants, I2= 0%, p < 0·01 [Hedge’s g]) (Fig. 2).
Meta-analysis using mean differences showed the increase in
MVPA was 103 (95% CI= 48.20, 159.24) minutes per week and the
increase in daily steps was 735 (95% CI= 441, 1029, p < 0.01
[Hedge’s g]) steps per day. Funnel plot evaluation of studies
reporting physical activity outcomes suggested no evidence of
publication bias (Fig. 3).
Meta-analyses of RCTs showed a significant and consistent

effect in favour of chatbot interventions for total physical activity
(SMD= 0.27 [95% CI= 0.07, 0.46], 6 studies, 641 participants,
I2= 14%, p < 0.01 [Hedge’s g]), and a small and consistent effect
on daily steps which approached statistical significance (SMD=
0.18 [95% CI= 0.00, 0.36], 4 studies, 496 participants, I2= 0%,
p= 0.06 [Hedge’s g]) (Supplementary Fig. 1). Sensitivity analyses
were undertaken for total physical activity, following the removal
of an outlier. Results of sensitivity analyses showed the effect on
total physical activity remained unchanged for meta-analyses of
RCTs and pre-post studies (SMD= 0.28 [95% CI= 0.18, 0.38],
p < 0.01 [Hedge’s g]) and RCTs only (SMD= 0.23 [95% CI= 0.07,
0.39], p < 0.01 [Hedge’s g]).
Overall, the grade of recommendation for chatbot interventions

for increasing physical activity was Grade A: consistent level
1 studies.
There was a significant effect of chatbot interventions for

increasing fruit and vegetable consumption in meta-analyses of
RCTs and pre-post studies (SMD= 0.59 [95% CI= 0.25, 0.93],
4 studies, 289 participants, I2= 42%, p < 0.01, Fig. 4) and RCTs only
(SMD= 0.52 [95% CI= 0.16, 0.87], 3 studies, 227 participants,
I2= 41%, p < 0.01 [Hedge’s g], Supplementary Fig. 1). Analyses
using mean differences showed the effects equated to an increase
in fruit and vegetable consumption by 1 serving per day (95%
CI= 0.30, 1.68) for RCTs and pre-post studies, and 0.97 servings
per day (95% CI= 0.15, 1.79) for RCTs only.
Overall, the grade of recommendation for chatbot interventions

for increasing fruit and vegetable consumption is Grade A:
consistent level 1 studies.
Significant increases were observed for sleep duration (SMD=

0.44 [95% CI= 0.32, 0.55], 3 studies, 1184 participants, I2= 0%,
p < 0.01 [Hedge’s g]) and sleep quality (SMD= 0.50 [95% CI= 0.09,
0.90], 4 studies, 1302 participants, I2= 80%, p= 0.02, Fig. 5). Meta-
analyses of sleep duration using mean differences showed the
effect equated to an increase in sleep duration by 45 (95%
CI= 33.2, 56.9) minutes per night.

B. Singh et al.

2

npj Digital Medicine (2023)   118 Published in partnership with Seoul National University Bundang Hospital

1
2
3
4
5
6
7
8
9
0
()
:,;



The overall grade of recommendation for chatbot interventions
for improving sleep duration and sleep quality is Grade B:
consistent level 2 studies.
Results of subgroup analyses are shown in Supplementary Table

4. Subgroup analyses suggested that the effectiveness of chatbot
interventions for increasing physical activity, daily steps or fruit
and vegetable consumption did not differ based on intervention
duration (≤6 weeks versus >6 weeks), intervention components
(chatbot-only versus chatbot in a multicomponent intervention)
and whether total physical activity was assessed using self-report
or objective measures (all p > 0.05 [Hedge’s g]). Similarly,
intervention effects on physical activity or sleep did not differ
by chatbot output type (i.e., text versus speech/voice) or use of AI
or NLP (all p > 0.05). However, a few significant subgroup effects
were observed: multi-component interventions were more
effective than chatbot-only interventions for improving sleep
duration and sleep quality (p < 0.05 [Hedge’s g]); and text-based
chatbots were more effective than speech/voice chatbots, and AI
or NLP chatbots were more effective that non-AI or NLP chatbots
for improving fruit and vegetable consumption (p < 0.05 [Hedge’s
g]). There was an insufficient number of studies to perform
analyses for the remaining subgroups.

DISCUSSION
This is the first systematic review and meta-analysis to compre-
hensively evaluate the effectiveness of chatbot interventions for
improving physical activity, diet and sleep. We identified 19 trials

involving 3567 participants, with findings suggesting that chatbot
interventions are effective for increasing physical activity, fruit and
vegetable consumption, sleep duration and sleep quality. The
effects equated to increases of +735 steps per day, +1 serving of
fruit and vegetables per day, and +45min of sleep per night. Both
short- and longer-term interventions and chatbot only and
multicomponent interventions were effective. Further, there was
evidence to suggest that text-based chatbots may be more
effective than voice chatbots for improving fruit and vegetable
consumption, and multicomponent interventions may be more
effective for improving sleep duration and quality, compared with
chatbot-only interventions.
Small-to-moderate effect size improvements (SMD range: 0.27

to 0.59) were observed for each of the health behaviours. These
findings are comparable to previous meta-analyses, which have
reported effect sizes (SMD) of between 0.13 to 0.68 for in-person,
and various digital and web-based non-chatbot interventions for
physical activity, diet (including fruit and vegetable consumption),
and sleep5–11,49–51. All studies either based their intervention on a
named behaviour change theory or model, or involved recognised
behaviour change techniques which included goal setting, self-
monitoring, review of goals, identifying and problem-solving
barriers, motivation, feedback on goal attainment, peer/social
support, and individualised advice and education. These beha-
viour change techniques have shown to be an important
component of previous in-person and digital-based non-chatbot
interventions designed for improving health behaviours52–55. The
integration of these behaviour change techniques as part of the

Fig. 1 PRISMA flow diagram showing the study selection process.
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chatbot interventions may have contributed to improvements in
the target behaviours, and helped overcome several barriers and
challenges that have been previously identified in traditional in-
person interventions such as limited interaction with a health
professional, reduced motivation over time, and a lack of access to
education and information.
Previous findings within healthcare settings indicates that

chatbots offer low intensity information delivery services and
can deliver behaviour change interventions into existing, daily
clinical settings, while minimising additional burden on existing
healthcare providers27,56. Various platforms were used to deliver
the chatbots in our present review, including standalone websites,
study specific smartphone apps, or they were deployed via third
party integration with instant messaging apps (e.g., Messenger
[Meta Platforms, Inc; Menlo Park, CA] and Slack [Slack Technolo-
gies; San Francisco, CA]) or smart speakers (e.g., Amazon Echo
smart speakers). Therefore, chatbots have great potential to be
integrated within many commonly used platforms and accessed
at any time by users, and place little (if any) strain on existing

resources such as staff, time, money, and workload. However,
potential drawbacks may include limits to functionality (e.g., the
chatbot is unable to respond to the user’s question) and the
inability to continue using the chatbot when the communication
platforms are updated. Furthermore, it is also important to
consider that digital determinants of health highlight how digital
technologies and online platforms can impact health outcomes
and behaviours57. Technology use has become more common in
recent times, including among population groups that previously
had lower access (e.g., older adults). Likewise, digital technologies
provide the ability to reach specific populations that would be
extremely hard to reach otherwise (e.g., people with rare diseases
that are geographically dispersed). While digital health tools have
the potential to improve health outcomes, reduce disparities, and
increase access to healthcare services, not all populations have
equal access to these tools. This can further exacerbate existing
health disparities, particularly for marginalized individuals who
may lack access to technology or digital literacy. A potential
concern is that digital health tools such as chatbots may exclude

Fig. 2 Meta-analysis results of the effect of chatbot interventions on total physical activity, steps and moderate-to-vigorous physical
activity (using data from randomised controlled trials and single-group pre-post studies). Note: themeta-analysis of daily steps is a subset of
total physical activity using Hedge’s g. 95% CI: 95% Confidence interval.
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those who are already marginalized or have limited access to
technology, such as individuals experiencing homelessness or
elderly individuals with limited digital literacy. To ensure that
digital health tools such as chatbots are accessible and beneficial
for everyone, it is crucial to include diverse populations in future
studies.
The chatbot interventions included in our review were text and

voice-based, and many included a variety of visual or graphical
images and displays (e.g., graphs of weekly physical activity) and
avatars. Approximately one-third of the interventions evaluated
allowed user-initiated free flow conversations with the chatbot,
and most of the chatbots also sent daily reminders, prompts, goals
and/or informational messages. Our subgroup analyses showed
no difference in text-based or speech/voice-based chatbots for
improving physical activity or sleep, however text-based chatbots
were more effective than voice-based chatbots for improving fruit
and vegetable consumption. This may be because many of the
text-based chatbots included in our review were implemented
through smartphones, which can be used anytime throughout the
day (e.g., at home, whilst shopping for groceries, while commuting
or during work), while the voice-based chatbots were typically
limited to home-use (i.e., Amazon Echo smart speakers40,45).

However, previous work has identified that voice interaction
allows improved engagement with chatbots, through a more
convenient hands-free interaction58,59, and therefore, this repre-
sents an area for future research. Previous work has also
highlighted the need for chatbots to establish appropriate rapport
or relationships with users through individualised and compassio-
nate interactions for a sustained and engaging intervention20. This
can enhance the chatbots’ ability to provide a personalised and
human-like interaction experience, and can improve user experi-
ence through the delivery of individualised interventions and
educational content and information20.
Findings from this systematic review and meta-analysis high-

light the potential for chatbots to be implemented across diverse
populations in different settings. There were a range of popula-
tions, including individuals with cancer, insomnia, and individuals
who were sedentary, overweight or obese, ranging in mean age
between 9 and 72 years. The interventions ranged between
2 weeks and 1 year and retention was generally high (median:
90.6%, range: 47.9% to 100%). However, most of the included
studies (58%) were 6 weeks or less and previous research has
suggested adherence to wearable devices for monitoring lifestyle
behaviours decreases up to two years following a short-term

Fig. 3 Funnel plot for studies that reported physical activity outcomes. SE (SMD): Standard error (standardized mean difference).

Fig. 4 Forest plot of effect sizes of chatbots on fruit and vegetable consumption at post-intervention. Meta-analysis results of the effect of
chatbot interventions on fruit and vegetable consumption (using data from randomised controlled trials and single-group pre-post studies)
using Hedge’s g. 95% CI: 95% Confidence interval.
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intervention60. Previous work has identified that a key strength of
chatbots is the ability to replicate interaction with a human or
health professional, to provide a safe environment for the users to
discuss, share, and ask for information on sensitive issues24,61,62. AI
algorithms are now becoming more able to perceive an under-
standing of human emotions which can make it easier for users to
share sensitive information63. Therefore, chatbots are strong
candidates for implementation across large and diverse samples
for lifestyle education, promotion of health behaviour change, and
can be a tool for clinicians to use to offer healthcare services to
prevent and manage various health conditions at the population
level, and as an intervention for clinical or vulnerable populations.
However, it is important to consider that despite the fact that AI
algorithms are improving in their ability to respond to human
interaction, they cannot truly empathize and are limited in their
understanding of a user’s complete situation. Consequently, users
may reveal sensitive information to an AI algorithm that lacks the
capacity to handle such information suitably. Privacy issues can
arise when using chatbots. Chatbots may collect and store
personal and even intimate data in the form of chat logs, user
preferences, and behavioral patterns. AI-based chatbots will often
retain user interaction data as training material. Users may
sometimes share sensitive information with chatbots, assuming
they are interacting with a human. Unintended data exposure can
occur through hacking, sharing with third parties, or lax security.
Chatbots should have clear and transparent privacy policies,
preferably leaving decisions around data retention in the hands of
the user. Furthermore, as AI algorithms become more adept at
mimicking empathy in chatbots, it is essential to ensure that
appropriate security measures and regulations are put in place to
safeguard against potential privacy violations from unauthorized
parties gaining access to sensitive information.
Recent findings have shown that current deidentification practices

for accelerometer-measured physical activity data are insufficient to
ensure privacy64 and health data breaches have increased over the
past decade65. Masking individual data points by grouping data
points with similar characteristics is no longer a reliable approach in
modern data landscapes where data is easily linked across multiple
sources. Additionally, any data that can be combined with other
information is considered personal identifiable information, making it

difficult to distinguish between data categories. To safeguard personal
records against revealing individual identities, more advanced
techniques are necessary beyond simply categorizing data as
personal identifiable information or not. These findings have
important implications for the use of chatbots for improving lifestyle
behaviours, highlighting the need for robust data privacy measures to
protect user privacy. Furthermore, there are potential privacy
concerns with emerging technologies like chatbots offered to patients
due to the discrepancy between standard medical care practices and
technology’s terms of use66. Patients may not fully understand the
implications of sharing personal information with chatbots, which
may collect data beyond their expectations and control. It is also
important to consider that vendors may not provide enough
information to consumers about data privacy risks, while healthcare
providers are aware of the issue but face challenges in properly
managing the risk-67,68. Providers struggle to contract the risk
properly, which may result in potential breaches of patient privacy.
Evidence to-date suggests that chatbots may be a powerful tool

for helping people make positive health behaviour changes,
however the field of research is in its infancy. The following
recommendations for future research may help guide health
researchers and human-computer interaction researchers as they
design, evaluate and implement chatbots for behaviour change:

1. Studies with large sample sizes are needed, to ensure that
studies are sufficiently powered to detect improvements
(particularly in downstream physiological and psychological
benefits that may flow from health behaviour change and
are typically smaller in magnitude).

2. High-quality research designs, such as RCTs, are needed to
definitively evaluate effectiveness. Variants of traditional
RCTs, such as micro RCTs, may allow the effects of multi-
component interventions to be disentangled.

3. Such studies should employ high-quality outcome measures
(such as device-measured physical activity) to reduce the
potential for measurement bias.

4. Longer-term follow-up is needed (i.e., to evaluate effects to
12 months and beyond).

5. Ongoing work is needed to evaluate different aspects of the
chatbot user-experience (such as tone, personality, text-
based vs. voice-based, and frequency of communication).

Fig. 5 Forest plot of effect sizes of chatbots on sleep duration and sleep quality at post-intervention. Meta-analysis results of the effect of
chatbot interventions on sleep duration and sleep quality (using data from randomised controlled trials and single-group pre-post studies)
using Hedge’s g. 95% CI: 95% Confidence interval.
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6. In a similar vein, ongoing work is needed to evaluate
chatbots for health behaviour change as their capabilities
expand, due to advances in the fields of conversational AI
and machine learning. Such advances will allow chatbots to
learn from interactions and improve their responses over
time, and generate their own responses based on the
context of the conversation and the users’ input, which are
likely to lead to improved accuracy, personalisation and
efficacy.

7. Health behaviour chatbot programs should be designed
with longer-term implementation in mind (e.g., research/
tech industry/health care system partnerships). This will help
ensure that intervention components are scalable and will
help ensure a pipeline of new users (e.g., if the intervention
is embedded into health care services).

A key strength of this work is its innovation, as the first
systematic review and meta-analysis to evaluate the effectiveness
of chatbots for improving physical activity, diet and sleep. The
highest quality systematic review methods were used, including
searching 14 different databases; completing screening, data
extraction and study quality assessment in duplicate; the use of
meta-analytic synthesis; meta-analytic sensitivity analyses; and
completion of additional steps added in PRISMA 2020 — certainty
of evidence and assessment of reporting bias. The study’s
conclusions are limited by the current evidence base. Over half
of the studies (n= 11, 58%) had a sample size of 75 or less and
there was limited evidence examining longer-term impacts of
chatbots, with most studies (n= 11, 58%) being 6 weeks or less,
and no interventions being longer than 1 year. It is also important
to recognise that a lack of power in our subgroup analyses may
have prevented us from identifying associations that are present,
but not identified in our findings. Furthermore, most of the studies
involved recruiting participants from the general public (via self-
referral) and it is possible that individuals who expressed interest
in participating in the trials were more likely to be technologically-
savvy and therefore our findings may be limited in generalisability
to those with lower levels of digital literacy.
Findings from this systematic review and meta-analysis indicate

that chatbot interventions are effective for increasing physical
activity, fruit and vegetable consumption, sleep duration and
sleep quality. Chatbot interventions were effective across a range
of populations and age groups, with shorter- and longer-term, text
and voice-based chatbots, chatbot-only and multicomponent
interventions being effective. However, future large-scale trials,
with rigorous study designs and outcome measures, and long-
term follow-up are required to confirm these findings.

METHODS
Protocol and registration
The protocol for this systematic review was prospectively
registered on PROSPERO (ID: CRD42022353633) and the results
are reported according to PRISMA69 guidelines. There was no
funding source for this study.

Selection criteria and search strategy
The eligibility criteria were developed using the population,
intervention, comparison, outcomes and study type (PICOS)70

framework as follows: Population: any population; Intervention:
Any intervention targeting physical activity, sedentary behaviour,
diet or sleep, that involved a chatbot. The following definition of
chatbot was used: Chatbots, also known as conversational agents,
employ dialog systems to enable natural language conversations
with users using speech and/or text21. This included any type of text
and/or voice/speech-based chatbot (with or without visual output,
e.g., graphs) operating as standalone software or via a web browser

or mobile application, and/or diverse platforms (e.g., Slack, Facebook
messenger, WhatsApp, virtual/embodied agent, SMS). Studies were
eligible irrespective of intervention modality (i.e., standalone
software or web-browser), supervision or setting (i.e., used in a
laboratory setting vs. at home vs. healthcare setting) or dose
(frequency, intensity and duration). Comparator: Studies were
eligible if they involved any comparison condition (e.g., usual care
or an equal attention intervention), or no comparison (e.g., single
group pre-post studies). Outcomes: Any outcome related to physical
activity, diet or sleep. Study type: Any experimental study design.
Fourteen electronic databases were searched (ACM Digital

Library, CINAHL, The Cochrane Library, Embase, Emcare, IEEE
Xplore, JMIR publications, MEDLINE, Ovid, ProQuest central,
ProQuest Nursing and Allied Health Source, PsycINFO, PubMed
and Scopus) using subject heading, keyword and MeSH term
searches for “chatbot”, “physical activity”, “sedentary behaviour”,
“sleep”, and “diet” (see Supplementary table 5 for the full search
strategy). Database searches were limited to peer-reviewed
journal articles published in English-language from inception until
1st September, 2022.

Data management and extraction
Search results were imported into EndNote x9 (Clarivate,
Philadelphia, PA), duplicates were removed, and articles where
then exported into Covidence (Veritas Health Innovation, Mel-
bourne, Australia). All stages of screening were completed
independently, and in duplicate by 10 authors (AW, AM, BS, CS,
DD, EE, JB, KS, LM, RV), with disagreements resolved by discussion
with the senior author (CM). Data extraction was undertaken in
duplicate by 10 authors independently (AW, AM, BS, CS, DD, EE, JB,
KS, LM, RV), with disagreements resolved by discussion between
authors. Standardised data extraction forms were used to extract
the following information from eligible studies: study character-
istics (e.g., study design, sample size), intervention details (type of
chatbot and intervention dose), outcome measures, overall results
for relevant outcomes. Study quality and risk of bias was assessed
by independent reviewers in duplicate using the Effective Public
Health Practice Project Quality Assessment (EPHPP) tool71, with
discrepancies resolved through discussion between authors. The
EPHPP evaluates six aspects of design and methods, which include
selection bias, study design, confounders, blinding, data collection
methods, and withdrawals and dropouts. These factors contribute
to the overall rating given by the tool. Each of these dimensions is
assessed using a three-point scale, with ratings of strong,
moderate, or weak. In addition to these six dimensions, the
EPHPP also considers intervention integrity and analyses, although
these are not included in the calculation of the global rating. Using
the EPHPP tool, studies were rated as weak, moderate, or strong in
the components of (1) selection bias, (2) study design, (3)
confounders, (4) blinding, (5) data collection, and (6) withdrawals.

Outcomes of interest
Outcomes of interest were (1) total physical activity (any measure
of low, moderate and/or vigorous intensity physical activity
reported as a duration, e.g., minutes per day or week),
(2) moderate-to-vigorous physical activity only (MVPA, minutes/
week), (3) daily steps, (4) fruit and vegetable consumption,
(5) sleep quality and (6) sleep duration.

Meta-analysis methods
For each meta-analysis, data were combined at the study level.
Separate meta-analyses were performed using data from: (i) all
studies (RCTs and single-group pre-post studies) and (ii) RCTs only.
Outcomes of interest were analysed as continuous variables and
data were pooled using: (1) pre- and immediate post-intervention
means and standard deviations (SDs) (for single group pre-post
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studies and RCTs) and (2) immediate post-intervention means and
SDs for the intervention and usual care groups (for the RCT only
analysis). There was insufficient data to conduct meta-analyses of
follow-up timepoints. Standardised mean differences (SMDs) were
used as the effect measure for meta-analyses, to allow comparison
of data from different scales. If means and SDs were not reported
in a study, authors were contacted or means and SD were
calculated based on available data, using recommended formulas
(e.g., using sample size, median and range)72. If multiple methods
of assessing an outcome were used in a study, the method that
was either the gold standard, or the method with established
reliability and validity was used for the meta-analysis. All meta-
analyses were performed using RevMan software (version 5).
Publication bias was evaluated using funnel plots of SMDs and

standard errors and evaluating for asymmetries or missing
sections within the plot, for meta-analyses that involved more
than 10 studies73. The Cochran’s Q test was used to assess
statistical heterogeneity and the I2 statistic to quantify the
proportion of the overall outcome attributed to variability73. The
following cut-off values for the I2 statistic were used: 0 to
29%= no heterogeneity; 30 to 49%=moderate heterogeneity; 50
to 74%= substantial heterogeneity; and 75 to 100%= consider-
able heterogeneity73. The following subgroup analyses were
undertaken: (1) intervention components (chatbot only versus
multi-component interventions), (2) output type (speech/voice
versus text), (3) use of AI or NLP (yes versus no), and (4) duration
(6 weeks or less versus more than 6 weeks). Standardised
classifications for the magnitude of effect were used (0.20= small
effect; 0.20 to 0.50=medium effect; and greater than 0.50= large
effect)74. A p-value of <0.05 was considered statistically significant.
The overall level of evidence was graded using the Oxford

Centre for Evidence-Based Medicine 2011 Levels of Evidence75, as
follows: grade A: consistent level 1 studies (i.e., individual RCTs); B:
consistent level 2 (i.e., individual cohort studies) or 3 studies (i.e.,
individual case-control studies) or extrapolations from level
1 studies; C: level 4 studies (i.e., case series) or extrapolations
from level 2 or 3 studies; or D: level 5 (i.e., expert opinion without
explicit critical appraisal) evidence or inconsistent or inconclusive
studies of any level70.

Deviations from the registered protocol
We planned to include sedentary behaviour as an outcome of
interest, however there was insufficient data in the included
studies to perform a meta-analysis on this outcome. Furthermore,
following registration of our protocol, we decided to add
subgroup analyses for output type and AI or NLP use, as it would
be a valuable addition, and may help guide future research on
chatbot development.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this article.
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