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Abstract

Background: The rapid development of artificial intelligence technology has enabled chatbots to increasingly promote
health-related behaviors, addressing the high demand for human resources in traditional interventions. Several systematic
reviews have been conducted in this area. However, the existing reviews have not focused on the rigorously designed
randomized trials of the state-of-the-art chatbots (interacting with users through unconstrained natural language), thus calling
for an updated review.

Objective: We aimed to explore the effects of natural language processing (NLP) chatbot—based interventions on improving
diet, physical activity, and tobacco smoking behaviors in the general population and to evaluate the chatbot use behaviors
during the implementation process.

Methods: We comprehensively searched 12 databases or registers for eligible studies published from January 1, 2010, until
July 16, 2024, and obtained a total of 6301 studies. We included randomized controlled trials (RCTs) that used NLP-chatbots
to promote diet, physical activity, or tobacco smoking behaviors among adults or children. Due to considerable heterogeneity
across the included studies, we adopted the synthesis without meta-analysis guidelines and summarized the effectiveness
of NLP chatbot-based interventions. We used the new evidence-mapping method (bubble plot) to visualize the results. We
also described the results related to the changes in diet, physical activity, or tobacco smoking behaviors (eg, change of BMI
and stage of change). To evaluate the implementation process of the intervention, we summarized users’ interaction with
NLP-chatbots and their feelings (eg, satisfaction) about NLP-chatbot use. Additionally, we assessed the risk of bias of studies
using the RoB 2.0 (Risk of Bias; The Cochrane Collaboration) tools.

Results: We finally included 7 RCTs. Concerning dietary and physical activity behaviors, the effectiveness of NLP chat-
bot—based interventions was inconsistent among adults, while no evidence of effect was observed among children. Concerning
tobacco smoking behaviors, the included studies showed consistent evidence of improving this behavior among adults.
Regarding the risk of bias of the changes in diet, physical activity, and tobacco smoking behaviors, 2 of 3, 2 of 4, and 1 of
2 studies had a high risk of bias, respectively, while the remaining had a low risk of bias. Concerning the interactions with
NLP-chatbots, studies showed an overall high percentage of general interaction between users and NLP-chatbots, but not a
satisfactorily high percentage of interactions specific to health behaviors. Concerning feelings about NLP-chatbot use, users
showed a positive impression of NLP-chatbot use, feeling it was useful, credible, and financially feasible.

Conclusions: NLP chatbot—based interventions were beneficial for adults’ tobacco smoking behaviors, but no such evidence
was found on diet or physical activity behaviors among adults or children. More RCTs with larger samples and lower risk of
bias are urgently needed to enhance our findings in the future.
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Introduction

Worldwide, physical inactivity, unhealthy diet, and tobacco
use are the 3 major behavioral risk factors responsible for
chronic, noncommunicable diseases [1]. The prevalence of
these 3 factors was high in the population. Concerning
physical inactivity, a significant proportion of populations fail
to meet recommended activity levels [2]. Specifically, 81% of
school-aged children (11-17 y) did not achieve the minimum
requirement of 60 minutes of moderate-to-vigorous physical
activity daily, while 27.5% of adults fell short of the weekly
recommendation of either 150 minutes of moderate-intensity
activity, 75 minutes of vigorous-intensity activity, or an
equivalent combination of both [2,3]. Concerning unhealthy
diets, the vegetable supply was insufficient to meet the
recommendations in 61% of the countries [4]. Specifically,
most African and South American populations, as well as a
part of Asian and North American populations, did not have
sufficient (200-250 g per day) vegetable intake [5]. Addition-
ally, most African and parts of Asian populations did not have
sufficient (200 g per day) fruit intake [6]. Concerning tobacco
smoking, the global smoking prevalence rate among people
aged 15 years and older was 16.7% in 2022, despite signifi-
cant past achievements in tobacco smoking control [7]. These
high prevalences also posed challenges to global actions for
better human health. Physical inactivity and unhealthy diet
have paralleled the rising prevalence of overweight or obesity
(BMI=25 kg/m?) from 38% in 2020 to 46% in 2030 accord-
ing to the published trends from 1975 to 2016 [8], making
it challenging to reverse the obesity epidemic and achieve
the World Health Organization’s target of “no increase on
obesity levels by 2025 (based on 2010 levels). Tobacco
smoking remains the most prevalent form of tobacco use.
The persistently high tobacco smoking prevalence poses a
significant challenge to achieving the World Health Organiza-
tion’s target of a 30% reduction in tobacco use from 2010 to
2025 [9].

To achieve a higher level of human health, actions are
urgently needed to reverse these unhealthy behavioral risk
factors. However, most conventional behavioral interven-
tions cannot be faithfully implemented at the population
scale due to the high demand for human resources.
Thanks to the rapid development of artificial intelligence
(AI) technology, chatbots have become a viable alterna-
tive to delivering resource-intensive, conventional behavio-
ral interventions. Chatbots, also called intelligent dialogue
systems or conversational agents, are machine agents that are
designed to converse with humans using natural language
through text or voice interactions, which can be classified
into constrained and unconstrained ones. The former refers
to those that only interact with the user through selection
questions with fixed predefined options, while the latter can
engage in free human-like dialogue with users and interact
with users through unconstrained natural language. Notably,
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the recent rapid development of natural language processing
(NLP) has led to obvious advancements in the capabilities
from constrained ones to unconstrained ones. Therefore, it is
urgent to summarize the development potential of chatbots
based on NLP in improving individuals’ health behavior.

There is evidence that chatbots have great potential
to persuade, support, and promote individuals to change
health-related behaviors and can be used to improve diet,
physical activity, and tobacco smoking behaviors [10-12].
Previous systematic reviews involving qualitative summary
or quantitative description through meta-analysis showed that
chatbot-based interventions can improve physical activity,
increase fruit and vegetable consumption, and enhance
the individuals’ intention to quit smoking [13-15]. How-
ever, few previous reviews have strictly distinguished
between constrained and unconstrained chatbots [13,16-20].
Besides, concerning study design, reviews have included
both randomized and nonrandomized studies, resulting in a
variable strength of evidence [14,21,22]. The existing reviews
were also limited in the search strategies and risk of bias
assessment [23].

Bearing these research gaps in mind, we aimed to
systematically review the existing randomized trials of the
present topic and rigorously evaluate the evidence quality to
(1) explore the effects of NLP chatbot—based interventions
on improving diet, physical activity, and tobacco smok-
ing behaviors in the general population; and (2) evaluate
the NLP-chatbot use behaviors during the implementation
process. Findings from this study would pave the way for
the improvement of the NLP chatbot—based intervention for
health behavior change.

Methods

Study Design

We conducted the systematic review following the guidelines
of the PRISMA (Preferred Reporting Items for System-
atic Reviews and Meta-Analyses) [24]. The protocol was
registered in the PROSPERO (International Prospective
Register of Systematic Reviews) on December 21, 2023
(CRDA42023492013).

Search Strategy

We conducted an extensive electronic search to identify all
randomized controlled trials (RCTs) that reported outcomes
measured by changes in behaviors in diet, physical activity, or
tobacco smoking after the NLP chatbot—based intervention.

Eleven databases (PubMed, Embase, ACM Digital
Library, Web of Science Core Collection, PsycINFO,
IEEE, CINAHL Plus with Full Text, Cochrane Library,
Scopus, Information Science & Technology Abstracts, and
China National Knowledge Infrastructure) and one register
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(ClinicalTrials.gov) were systematically searched until July
16, 2024. The search strategy used a combination of
keywords and Medical Subject Headings terms from the
following 5 aspects: chatbot (eg, chatbot, Al agent, or
conversational agent), diet (eg, diet or nutrition), physi-
cal activity (eg, physical activity, exercise, or sedentary
behavior), tobacco smoking (eg, smoking cessation or
smoking habit), and lifestyle (eg, weight control or life-
style). The Boolean operator “OR” was used in each aspect,
and between the last 4 aspects, and “AND” was used to
combine ‘“chatbot” with the other 4 aspects. The detailed
search strategy for each database is reported in Multimedia
Appendix 1. There were no restrictions on publication status
or language. Due to the rapid development of conversational

Table 1. Summary of inclusion and exclusion criteria.
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agents in recent decades, we limited the included studies to
those published in or after 2010.

Study Selection

Table 1 presents a summary of the inclusion and exclusion
criteria of the study characteristics based on the PICOS
framework (eg, populations or participants, interventions and
comparators, outcomes, and study designs or types). Two
reviewers (JC and YXZ) independently conducted a 2-stage
study selection process: initially screening titles and abstracts,
followed by a thorough examination of the full texts in the
second stage. Discrepancies were resolved through consulta-
tion with a third review author (ZL).

PICOS? Inclusion criteria Exclusion criteria
Population ¢ General population None
Interventions o NLPP® chatbot-based interventions that enable natural language Chatbots that cannot understand or
conversations with users for improving diet, physical activity, or generate natural language
tobacco smoking behaviors conversations
Comparators * Active controls® or no-intervention controls? None
Outcomes ¢ Primary outcomes®: changes in behaviors in diet, physical activity,  Studies that report only chatbot
or tobacco smoking infrasFructure or algorithm designs, or
» Secondary outcomes: the following 2 aspects are included: g:itcgﬁ;m report any of the primary
» Effectiveness-related outcomes: change of obesity-related outcomes
(eg, BMI and weight), stage of change of diet, physical activity
or tobacco smoking behavior (eg, precontemplation, contemplation,
action, or maintenance), or change of mediators' (eg, motivation)
* Implementation of NLP chatbot—based interventions: chatbot use
behaviors (eg, duration, frequency, or interaction), facilitators and
barriers to chatbot use (eg, satisfaction, appreciation, or feelings or
acceptability), and safety issues® (eg, adverse events)
Study designs * Individual-randomized or cluster-randomized parallel-group Observational studies, nonrandomized

controlled trials

controlled studies

4PICOS: Population, Interventions, Comparators, Outcomes, and Study Designs.

YNLP: natural language processing.

€Active controls refer to providing participants with intervention measures other than the chatbot.
dNo-intervention group includes those groups that have not implemented any special intervention measures or the wait-list control groups that have

not yet received intervention in this study.

®Primary outcomes are measured by various means. For example, daily physical activity was recorded through a portable accelerometer, the intake
of various types of food was investigated through a questionnaire, and the concentration of carbon monoxide in exhaled gas was measured to detect

smoking behavior.

fPotentially mediate the effect of natural language processing—chatbot-based interventions for the improvement of diet, physical activity, and tobacco

smoking behavior.

Safety issues refer to unintended adverse events and the privacy protection of participants.

Data Extraction

Information extracted from the studies included partici-
pant characteristics (mean age, sex, country, race, income,
education, baseline BMI score, frequency of smoking, stage
of behavior change, recruitment setting, or sample size),
study design, NLP-chatbot (referred to as the “chatbot” in
the following sections) characteristics (theoretical framework,
media or technology, dialogue initiative, input modality,
output modality, or task-oriented), intervention measures
(chatbot only or not, duration, or length and frequency),
and results (primary outcomes and second outcomes) along
with barriers and facilitators to the use of chatbot. Two
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researchers (YXZ and RZH) independently extracted data
from the included studies and consulted with the other 2
researchers (JC and ZL) when discrepancies arose.

Data Synthesis

The primary outcome was the difference in changes in
physical activity, diet, and tobacco smoking from baseline
to follow-up between the intervention (NLP-chatbot) and
control groups. Due to heterogeneity in outcome meas-
urement and varied indicators across studies (eg, daily
active time, sedentary behavior time, or average number of
daily steps), we refrained from conducting a meta-analysis.
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Following the Cochrane Handbook (Chapter 12: synthesiz-
ing and presenting findings using other methods) [25], we
qualitatively summarized the effectiveness of NLP chat-
bot-based interventions instead. We evaluated the interven-
tion effectiveness estimates for each study individually.
Categories of intervention effectiveness were differentiated
into 4 groups based on the proportion of effective indicators
in the primary outcome: (1) if all indicators were effective,
it was considered effective (E); (2) if the effective ratio
exceeded 50%, it was considered to be probably effective
(PE); (3) if the effective ratio was less than 50%, it was
considered not to be probably effective (PNE); (4) if the
effective ratio was 0, it was considered not effective (NE).
An indicator was considered effective when there was a
statistically significant difference (P value <.05) in prepost
changes between the intervention and control groups.

The following are the specific methods for judging
whether the primary outcome indicators were effective. For
each primary outcome, when studies reported P values for
between-group comparisons (intervention vs control), these
P values were prioritized in our analysis. For studies that
did not report between-group P values directly, we calcula-
ted them using independent samples #-tests. We used the
original data provided in the papers, including sample sizes,
prepost mean differences, and SE for both intervention and
control groups. When change score data were unavailable,
between-group differences in postintervention values were
analyzed instead, with the assumption of baseline equivalence
justified by randomized study design. For studies reporting
both baseline data and results at multiple follow-up time
points, measurements across all follow-up time points were
integrated using an equally weighted average method. The
composite result was then compared against the baseline data
for analysis. For the 3-arm intervention studies included, the
intervention groups were both NLP chatbot-based interven-
tions with slight differences in form. Therefore, we integra-
ted the 2 intervention groups into 1 group and compared it
with the control group. For the studies based on families,
we considered adults and children separately. We examined
whether each primary outcome indicator was effective and
then summarized the possible effectiveness of the interven-
tion for adults and children, respectively.

To present the results intuitively, we adopted a new
evidence-mapping method to summarize the findings [26,27].
Specifically, we used bubble plots to visualize the whole
patterns of results, considering the following factors in an
intergrade manner: the outcomes (diet, physical activity,
or smoking behaviors), sample size, population (adults and
children, adults only, or children only), effectiveness of
intervention, and risk of bias of studies.

For our secondary outcomes, we provided a descriptive
summary of the effectiveness-related outcomes and the
implementation of the NLP chatbot-based intervention. We
used appropriate metrics, such as proportion, to quantify the

https://mhealth.jmir.org/2025/1/e66403

Chen et al

frequency and duration of chatbot use and the number of
interaction turns per dialogue in the included studies. We
also focused on the acceptability of chatbots and therefore
summarized the feelings of participants in the corresponding
studies using them.

Assessment of the Outcome Quality and
Evidence Certainty

Risk of bias assessment was performed exclusively for
primary outcomes. For individual RCTs, we used the RoB
2.0 (Risk of Bias) tool [28], while for cluster RCTs, we
used the RoB 2.0 tool for cluster-randomized trials [29]. The
assessment for outcomes from individual RCTs contains the
following five domains: (1) bias in the randomization process;
(2) bias in deviation from intended interventions; (3) bias in
missing outcome data; (4) bias in outcome measurement; and
(5) bias in the selection of the reported result. Each domain
was rated as having a high, low, or some concerns about
the risk of bias. The assessment for outcomes from cluster
RCTs was mostly consistent with that for individual RCTs,
except for the first domain specified into (1) bias in the
randomization process and (2) bias arising from the timing
of identification or recruitment of participants.

Based on the biases identified in the aforementioned 5
aspects, we further assessed the overall bias risk of each
primary outcome and rated them as: low risk of bias, some
concerns, or high risk of bias. We then generated a bias
risk assessment plot to present these results. Two researchers
(YXZ and RZH) independently conducted the assessment of
the included studies’ bias, while a third author (JC) facilitated
discussions to achieve consensus on discrepancies.

Ethical Considerations

Human subject ethics review approvals or exemptions: our
study was reviewed and approved by the Peking University
Institutional Review Board (IRB00001052-22091).

Informed consent: the original studies included in this
review have obtained informed consent. Therefore, informed
consent does not need to be obtained again for this review
(secondary analysis).

Privacy and confidentiality: the data used in this study had
been anonymized.

Compensation details: not applicable.

Results

Literature Search

Figure 1 shows the flow of study selection. Our search
yielded 4808 records after excluding duplicates. After
screening the titles and abstracts, we assessed the full-text
articles of the remaining 486 records. A total of 7 studies
were finally included.
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Figure 1. Flowchart of the study selection process. NLP: natural language processing; RCT: randomized controlled trial.

Identification of studies via databases and registers

Identification

Records identified from:
Pubmed (n=520)
Embase (n=826)
ACM Digital Library (n=365)
Web of Science Core Collection (n=811)
PsycINFO (n=51)
IEEE (n=229)
CINAHL Plus with Full Text (n=390)
Cochrane Library (1=1566)
Scopus (n=1477)
Library, Information Science &
Technology Abstracts (n=17)
ClinicalTials.gov (=37)
China National Knowledge
Infrastructure (n=12)

A 4

Records removed before sereening:

Duplicate records removed

(=1493)

Records marked as ineligible by

automation tools (n=0)

Records removed for other reasons

(n=0}

Records screened (n=4808)

A 4

Records excluded (n=4305)

!

Reports sought for retrieval (n=503)

A 4

Reports not retrieved (n=17)

Screening

Reports assessed for eligibility (n=486)

[

)

Included

Studies included in review (n=7)

Reports of included studies (n=9)

Reports excluded:

Not RCTs (n=15)

Not NLP-based intervention
(n=458)

No measurement about our main

outcomes (n=4)

[

Characteristics of Included Studies

Table 2 shows the primary characteristics of the 7 included
studies, which were conducted in America (n=2) [30,31],
Northern Ireland (n=1) [32], Spain (n=1) [33], Dutch (n=1)
[34], China (n=1) [35], and Saudi Arabia (n=1) [36] from

[31,34], 1 study focused only on diet [36], 2 studies focused
only on smoking [33,35], and 2 studies focused on both
physical activity and diet [30,32]. In 5 studies, the partici-
pants were only adults [31,33-36], while the other 2 studies,
which were family-based, contained both adults and children

. ) 1561 from =30 351,
2013 to 2022. Two studies focused only on physical activity
Table 2. Characteristics of participants among the 7 included studies.
Mean age Sex
(SD) years or  (female), Country, % Baseline Attrition Follow-up
1D Study range (%) (n/N) BMI Tobacco use sample size and rate sample size
1 Wright et al Children 10.3 Children 42, USA (100) Children 25.7 —2 Families Attrition Families n=43,
(2013) [30] (1.1), parents  parents 96 (2.1), parents n=50, n=7, children n=43,
40 (9.1) 34 (6.7) children rate=14% parents n=43
n=50,
parents
n=50
2 Hassoon et al 62.1(9.8) 90 USA (100) 329 (5.0) — Adults Attrition Adults n=42
(2021) [31] n=42 n=0, rate
=0%
3 Carlin et al Phase 1: Phase 1: Western Phase 1: — Phase 1: Phase 1: Phase 1:
(2021) [32] adults 40.5 adults 10 Trust area  children —, families attrition families n=8,
(5.4), children (91), of Northern adults 35.0 n=11, n=3, rate parents and
children 9 (6.4); phase parents =27.3%;
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Mean age Sex
(SD) years or (female), Country, % Baseline Attrition Follow-up
ID Study range (%) (n/N) BMI Tobacco use sample size and rate sample size
9.1 (2.0); (56); phase  Ireland 2: children n=11, phase 2: children —;
phase 2: 2:adults 11 (100) —, adults children attrition phase 2:
adults 38.9 (7?), 29.1 (4.9) n=16; phase n=0, rate =0 families n=15,
(5.2), children children 8 2: families parents n=15,
79(2.0) “44) n=15, children n=18
parents
n=15,
children
n=18
4 Olano-Espinosa  49.8 (10.82)  59.30 93.8 — 10.1% Adults Attrition Adults n=232
et al (2022) [33] (481/513) (52/513) of n=513 n=281, rate
were patients =54.8%
Spanish reported
moderate or
high
dependence on
nicotine with
Heavy
Smoking
Index values
of 4-6 points
and average
consumption
of 16.5
cigarettes/day
(SD 7.75).
5 Friederichs etal ~ Baseline 42.9 Female: Dutch (100) — Adults n=958; Adults n=500
(2014) [34] (14.5), follow baseline n=958; attrition
up45.3(14.2) 604 attrition n=458, rate
(578/958), n=458,rate =47.8%
follow-up =47.8%
57.8
(289/500)
6 Wang et al (2018) Intervention  40.4 China (100) — Adults Attrition Adults n=287
[35] group 32.8, n=401 n=114, rate
control group =28.4%
33.1
7 Alghamdi and — — Saudi — n=60 Attrition n=60
Alnanih (2021) Arabia n=0, rate
[36] (100) =0%

aNot applicable.

As shown in Tables 3 and 4, among the included studies,
5 were 2-arm individual RCTs [30,32,33,35,36], while 2
used a 3-arm design [31,34]. The control groups of the 5
two-arm studies varied, including 4 no-intervention groups
and 1 active control group. In the active control group, the
participants received information passively, and the process
did not involve chatbots or interactions with other partic-
ipants. In both 3-arm RCTs, 2 groups received distinct
NLP-chatbot interventions, while the third served as a control.

https://mhealth.jmir.org/2025/1/e66403

Specifically speaking, in 1 study [34], 1 intervention group
used a motivational interviewing chatbot with an avatar for
web-based physical activity guidance, while the other used
a simpler avatar-based chatbot; the control group received
no intervention. Another study [31] compared 2 Al coach-
ing methods: voice-assisted delivery via a smart speaker
(MyCoach) and text-based delivery (SmartText), with the
active control group receiving standard cancer education
materials.
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Table 3. Characteristics of the study designs of the 7 included studies.
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Method of randomized
ID Study Arm parallel controlled trials ~ Classification of chatbot
Dialogue
Media or initiative (user,
platform of system, or Input Output Task-oriented
technology mixed) modality modality (yes or no)
1 Wright et al 2 Cluster-randomized Telephone Mixed Spoken Spoken Yes
(2013) [30]
2 Hassoon et al 3 Individual-randomized =~ Smart speaker Mixed Spoken Spoken Yes
(2021) [31]
3 Carlin et al (2021) 2 Cluster-randomized A smart Mixed Spoken Spoken Yes
[32] speaker (Echo
Dot)
4 Olano-Espinosa et 2 Individual-randomized  Telegram, a Mixed Written Written Yes
al (2022) [33] widely used (bidirectional)
messaging app
5 Friederichs et al 3 Individual-randomized =~ Website N/A? Written Written Yes
(2014) [34]
6 Wang et al (2018) 2 Individual-randomized  Software Mixed Written Written Yes
[35] (combined
with WeChat)
7 Alghamdi and 2 Individual-randomized ~ App (What- N/A Written Written Yes
Alnanih (2021) SApp, social
[36] network)
AN/A: not applicable.
Table 4. Characteristics of the interventions of the 7 included studies.
Chatbot only in
Length, intervention
ID Study Intervention type frequency Measures (brief) measures
Intervention group Control group
1 Wright et al (2013) PA® and diet 12 wk, twicea HEATP (telephone —9 No intervention Yes
[30] week calls twice a week (wait-list
delivered by an_ control)
automated IVR
system)
2 Hassoon et al PA 4 wk, _d Voice-assisted AI°  Autonomous Al Received Yes
(2021) [31] coaching delivered coaching delivered written
by smart speaker by text (SmartText) information
(MyCoach)
3 Carlin et al (2021)  PA and diet 12 wk, — Receive an — Continue as No (pha?e 1:
[32] intelligent personal usual SWEET
assistant program)
4 Olano-Espinosa et ~ Smoking 6 mo, — Chatbot: — Usual clinical ~ Yes
al (2022) [33] behavior Dejal@bot practice
5 Friederichs et al PA —, 1-time A web-based PA A content-identical No intervention Yes
(2014) [34] intervention based intervention
on MI8 with an without an avatar
avatar (AVATAR) (TEXT)
6 Wang et al (2018)  Smoking 2 mo, — Conversational — Active control  No
[35] behavior agents (in a (in a WeChat
WecChat group talk group, but only
with each other and received
conversational smoking
agent server by cessation
announcements, information and
sharing, reminders, tips without

and responses)

social support
or interactions
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Chatbot only in

Length, intervention
ID Study Intervention type frequency Measures (brief) measures
Intervention group Control group
with other
participants)
7 Alghamdi and Diet 90d, — Proposed chatbot ~ — No intervention Yes

Alnanih (2021) [36]

4PA: physical activity.

PHEAT: healthy eating and activity today.

°IVR: interactive voice response.

dNot applicable.

Al artificial intelligence.

fSWEET: safe wellbeing eating and exercise together.
8MI: motivational interviewing.

More than half of the studies (n=4) used chatbots with written
input modality [33-36], while the remaining 3 studies used
those with spoken input modality [30-32]. All 7 studies
used chatbots only using simplex output modality, spoken
or written. Three studies mentioned the adoption of theoret-
ical frameworks including “Motivation Interview,” “Social
Cognitive Theory,” and “The Chronic-Disease Extended
Model” [30,34,36]. The duration of interventions ranged from
1 time to 6 months.

Effectiveness of NLP Chatbot-Based
Interventions on the Changes of
Behaviors in Diet, Physical Activity, or
Tobacco Smoking

Concerning diet behaviors, a study (n=54) conducted only
among adults indicated that NLP chatbot—based intervention
was effective [36]. Two studies (n=43 and n=22, respectively)
conducted in family units suggested that NLP chatbot—based
intervention did not effect children’s diet behaviors, while
the results were probably not effective and not effective
respectively for adults’ diet behaviors [30,32].

Concerning physical activity, both studies (n=500
and n=42, respectively) showed positive results from
the intervention [31,34]. Specifically, NLP chatbot—based
intervention groups showed an increased average number of

https://mhealth.jmir.org/2025/1/e66403

daily steps or number of weekly days with at least 30 minutes
of moderate physical activity and daily steps than the control
groups. However, 2 other small-sample studies (n=43 and
n=22, respectively) conducted on both adults and children did
not show evidence of intervention effectiveness [30,32].

Concerning smoking behavior, 2 studies (n=232 and
n=287, respectively) showed that NLP chatbot-based
intervention can improve smoking behavior in adults [33,35].

Please see the specific assessment of results in 3 primary
outcomes, as well as secondary outcomes of 7 studies in
Table S1 in Multimedia Appendix 2.

Figure 2 shows the bubble plot displaying the effectiveness
of NLP chatbot-based interventions on the changes in diet,
physical activity, and smoking behaviors, with the bubble
color, size, and shape representing the outcomes, sample size,
and population, respectively. To aid in understanding, we
have included an example of a bubble chart for reference.
The pale green bubble in the upper left corner of Figure
2 corresponds to a study involving 500 adults. This study falls
into the final effectiveness category of E (effective) due to its
finding that NLP-chatbots had impacts on the changes in all
of the physical activity behaviors. However, it is important to
note that the outcome of this study indicated a high risk of
bias.
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Figure 2. Bubble chart of the effectiveness of NLP chatbot—based interventions. E: effective; NE: not effective; NLP: natural language processing;

PE: possibly effective; PNE: possibly not effective.
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One study [33] compared the quality of life between the NLP
chatbot—based intervention group and the control group at
baseline and follow-up, and no differences were observed at
either time.

Another [30] study compared changes in BMI (for adults
and children), BMI percentile (for children), and BMI
z scores (for children) between the NLP chatbot-based
intervention group and the control group from baseline to
follow-up, but no significant differences were observed.

Additionally, a study [36] assessed participants’ perceived
difficulty in adhering to the dietary treatment plan. At
baseline, 16.67% of the intervention group and 20% of the
control group reported challenges in committing to the dietary
treatment plan. After the NLP chatbot-based intervention,
a significantly higher proportion of the intervention group
(46.67%) reported no adherence difficulties, whereas only
6.67% of the control group reported no committing difficul-
ties. The study further proposed a four-stage model of patient
adaptation to chronic diseases: (1) be conscious of the need,
(2) be ready to deal with the disease, (3) feel confident in

https://mhealth.jmir.org/2025/1/e66403

ME

dealing with the disease, and (4) stick to the plan. According
to this change phase, this study investigated the proportion of
different change stages among the participants in the NPL-
chatbot intervention group and the control group. It was found
that in the intervention group, the proportion of participants
in phase 1 before the intervention was 30%, and there was
no one in phase 1 after the intervention, while the proportion
of those in phase 4 was 43.33%. In the control group, the
proportion of participants in phase 1 before the intervention
was 30%, and there were 26.67% of participants in phase 1
after the intervention, while no one was in phase 4.

Implementation of NLP Chatbot-Based
Interventions

For this review, 4 included studies assessed the implementa-
tion of NLP chatbot-based interventions. A study conducted
a 2-phase family-based intervention including both adults and
children [32], aiming to (1) assess the acceptability of chatbot
technology for promoting and maintaining physical activity
and other health-related behaviors in families attending a
community-based obesity prevention project, and (2) further
assess the acceptability of chatbot intervention in potentially
eligible families (not restricted to those attending the project)
at the second phase. The intervention time for the 2 stages
was the same, lasting 12 weeks. The study found lower
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interaction times in phase 1 than in phase 2 (65 vs 312 times)
but a higher relevant interaction rate in phase 1 (42% vs
11%). The relevant interaction rate was the rate of interac-
tions related to diet, physical activity, or well-being. This
indicated that it is possible to actively interact with chat-
bots in populations without a strong need for health interven-
tions, but it also suggested that encouraging households to
purposefully use the device for health-related interactions is a
challenge. Another study conducted in America with a sample
size of 50 dyads of parent and child aiming to improve family
diet behaviors, found that a high percentage of children (81%)
and parents (76%) interacted with chatbots at least once [30].
The mean number of calls for parents and children was 9.1
(SD5.2) and 9.0 (SD 5.7).

A study aiming to improve smoking secession found
that the interaction time of the chatbot intervention group
was much higher than that of the control group of usual
clinical practice (121 minutes vs 21.2 minutes, P<.001),
and the number of interactions was also much higher, too
(45.56 vs 2.92, P<.001) [33]. Within the intervention group,
those who successfully quit smoking interacted with chatbots
much more frequently than those who did not successfully
quit smoking. Another study focusing on helping people
quit smoking through group chats found that, compared to
only receiving smoking cessation information and tips in
group chats without social support or interactions with other
participants and chatbots, significant increments of active
conversations (455/341, increased by 33%) and the number
of messages (248/1328, increased by 87%) were found when
the chatbot was involved in the group chats [35].

Chen et al

Two included studies measured participants’ feelings
about chatbot use, and both showed positive results. A
web-based research conducted in Dutch with a large sample
size of 958 participants measured participants’ appreciation
for the intervention from entertainment, trustworthiness, and
overall appreciation score domains, and found that partici-
pants had a very positive impression of chatbot use in all
3 domains [34]. A study conducted through phone calls
between participants and chatbots had similar findings that
more than 75% of those who had made calls with the chatbot
to gain assistance with diet and physical activity agreed that
chatbots were useful, credible, financially feasible, and really
helped them eat healthy foods [30].

Two included studies reported the results regarding safety
issues. A study stated that for the privacy protection of
the research subjects, the search history information of the
NPL-chatbot used in the research was strictly kept confiden-
tial, and during the intervention period, this device was not
used for any other purposes [32]. A study emphasized that no
adverse events occurred during the intervention period [31].

Assessment of Risk of Bias

Figure 3 shows the result of the assessment of the risk of bias.
For the changes in diet behaviors, 2 trials had a high risk of
bias [32,36], and 1 trial had a low risk of bias [30]. For the
changes in physical activity, 2 trials [32,34] had a high risk
of bias, while the remaining 2 trials [30,31] had a low risk
of bias. For the changes in tobacco smoking behavior, 1 trial
[35] was judged to be at a high risk of bias, while 1 trial had a
low risk of bias [33].

Figure 3. Risk of bias (RoB2 and ROB2_cluster tool) quality assessment [30,36]. NLP: natural language processing; RoB: Risk of Bias.
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Principal Findings

Our study was the first systematic review specifically
dedicated to RCTs using NLP-chatbots for health behavior
interventions related to physical activity, diet, and tobacco
smoking. This focus strengthened the evidence for the results
in a relatively strong manner and with the novelty prominent.
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dietary behavior. It differed slightly from those in previous
reviews. One meta-analysis [14] found that chatbot interven-
tion had a significant impact on increasing the intake of fruits
and vegetables. Another review [19] showed that partici-
pants in the intervention group showed a higher self-repor-
ted willingness to reduce consumption of red and processed
meat within 2 weeks compared to the control group. These 2
reviews included both RCTs and quasi-experimental studies
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and did not limit the types of constrained or unconstrained
chatbots, differing from the eligibility criteria used in our
review. Different inclusion criteria might lead to inconsistent
results about the effectiveness of chatbot intervention on the
changes in diet behaviors.

Among the 4 studies incorporated into this review, 2
studies discovered that chatbots exerted a positive influence
on physical activity. In contrast, the other 2 studies did not
observe such an effect, presenting complex and inconclusive
results. Some reviews [14,19,22] have reported the positive
impacts of chatbots on physical activity behaviors. However,
a review [37] specifically focusing on teenage participants
aged 10 to 19 years revealed limited evidence regarding
the feasibility of chatbots in promoting such behaviors. This
review [37] also indicated that in only 40% (2/5) of the
studies, the subjects were satisfied with the application of
chatbots in interventions, suggesting that there is insufficient
evidence for the acceptability of chatbots. The low satisfac-
tion level might lead to a difference in the research results by
affecting individual compliance with a chatbot.

The findings of this systematic review showed that
NLP chatbot-based intervention had a positive impact on
the alteration of adults’ smoking behaviors. Regarding the
effective role of chatbots in smoking cessation, a systematic
review using meta-analysis indicated that at the 6-month
follow-up, participants (aged 15 years and older) who
received chatbot-based interventions were significantly more
likely to quit smoking than those in the control group [15],
supporting the findings derived from our review.

Our review revealed that participants had a very pos-
itive impression of chatbot use, feeling chatbots are use-
ful, credible, and financially feasible. Similarly, a review
indicated that participants emphasized numerous positive
aspects of chatbots, especially their unique personalities and
the capacity to offer empathetic and emotional support.
However, several limitations were also pointed out. For
instance, chatbots often had trouble fully understanding users,
their responses were repetitive, and they lacked interactivity
[18]. Moreover, another review showed that among the 5
studies included, only 2 were content with the application of
chatbots in the intervention [37]. We assume that the user
experience of participants is closely related to the perform-
ance of specific chatbots, such as their language compre-
hension, interaction, empathy, and persuasion abilities. NLP
chatbots that are capable of free dialogue have an advantage.

We conducted a comprehensive literature search of
preprinted, unpublished, and published records based on
the preregistered study protocol. The inclusion criteria of
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this review were clear and strict (RCT only or NLP-chat-
bot only) which reached a high hierarchy of evidence. We
analyzed 7 RCTs focusing on diet, physical activity, and
tobacco smoking behaviors to explore the effectiveness of
chatbot intervention. In this review, in addition to indicators
of chatbot-related behavior change, we also paid attention
to multiple secondary outcomes to explore an individual’s
acceptability of chatbot intervention. No change was made to
methods when compared to our study protocol.

However, the following limitations need to be noted when
interpreting the findings. Few included studies measured
user acceptance of chatbot intervention or the promoting
or hindering factors of them to use chatbots. This impeded
us from further studying the specific mechanism between
the population’s use of chatbots and the change of related
behaviors. There is little literature on privacy issues when
using chatbots, which we thought was a serious and signifi-
cant issue to consider. Besides, about half of the included
studies had an elevated overall risk of bias.

Based on this review, we had some suggestions for future
research. Chatbots are just a form and carrier of intervention,
essentially requiring the support of various behavioral change
theories. Future research would better incorporate appropri-
ate theoretical frameworks, such as motivational interview-
ing theory [38] and the transtheoretical model [39] when
designing chatbots to better achieve the goal of promoting
health. Most of the included studies focused on a single
chatbot intervention through voice conversation and message
exchange in the intervention group, limiting the potential
applications of chatbots. Future studies can integrate chatbots
with other interventions to augment compliance with other
interventions. Approximately half of the included studies
did not describe the acceptability of NLP chatbot-based
interventions. From the perspective of research implementa-
tion, future research needs to pay more attention to process
evaluation, such as frequency and time of chatbot use. In
terms of research outcome, future research needs to evaluate
both outcome indicators and mediators, such as knowledge,
motivation, and intention, to explore the deep reasons for the
behavior change of participants after the chatbot intervention.

Conclusion

Our results indicated that NLP-chatbots were promising in
reducing tobacco smoking among adults, while their effects
on the changes in dietary and physical activity behaviors
remained inconclusive. Future research can be improved
in aspects such as increasing the theoretical support for
interventions and monitoring the interaction between users
and NLP-chatbots.

Acknowledgments

This work was supported by grants from the National Natural Science Foundation of China (No0s.82373694), Young Elite
Scientists Sponsorship Program by CAST (China Association for Science and Technology; 2023QNRC001), Beijing Educa-
tion Sciences Planning Program during the 14th Five-Year Plan (No.BECA23111), and the Fundamental Research Funds for

the Central Universities (No.BMU2021YJ030).

Conflicts of Interest
None declared.

https://mhealth.jmir.org/2025/1/e66403

JMIR Mhealth Uhealth 2025 | vol. 13 166403 | p. 11
(page number not for citation purposes)


https://mhealth.jmir.org/2025/1/e66403

JMIR MHEALTH AND UHEALTH Chen et al

Multimedia Appendix 1

Search terms for databases.
[PDF File (Adobe File), 142 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Table S1: characteristics and outcomes.
66403-1122796-1-SP xlIsx

Checklist 1

PRISMA checklist. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.
[PDEF File (Adobe File), 73 KB-Checklist 1]

References

1. Noncommunicable diseases. World Health Organization. 2023. URL.: https://www.who.int/news-room/fact-sheets/detail/
noncommunicable-diseases [Accessed 2025-05-08]

2. World Health Organization. Global status report on physical activity 2022. Geneva: World Health Organization; 2022.
URL: https://www.who.int/teams/health-promotion/physical-activity/global-status-report-on-physical-activity-2022
[Accessed 2025-05-13]

3. Global recommendations on physical activity for health. World Health Organization; 2010. URL: https://www.who.int/
publications/i/item/9789241599979 [Accessed 2025-05-08]

4.  Kalmpourtzidou A, Eilander A, Talsma EF. Global vegetable intake and supply compared to recommendations: a
systematic review. Nutrients. May 27, 2020;12(6):1558. [doi: 10.3390/nu12061558] [Medline: 32471188]

5. Average per capita vegetable intake vs minimum recommended guidelines. Our World in Data. 2023. URL: https://
ourworldindata.org/grapher/average-per-capita-vegetable-intake-vs-minimum-recommended-guidelines [Accessed
2025-05-08]

6. Fruit consumption per capita. Our World in Data. 2023. URL: https://ourworldindata.org/grapher/fruit-consumption-per-
capita [Accessed 2025-05-08]

7.  World Health Organization. WHO global report on trends in prevalence of tobacco use 2000-2030. Geneva: World
Health Organization; 2024. URL: https://www.who.int/publications/i/item/9789240088283 [Accessed 2025-05-08]

8. World obesity atlas. World Obesity Federation. 2023. URL.: https://data.worldobesity.org/publications/ [Accessed
2025-05-08]

9.  World Health Organization. Global Action Plan for the Prevention and Control of Noncommunicable Diseases
2013-2020; World Health Organization; 2013. URL: https://www.who.int/publications/i/item/9789241506236 [Accessed
2025-05-08]

10.  Almusharraf F, Rose J, Selby P. Engaging unmotivated smokers to move toward quitting: design of motivational
interviewing-based chatbot through iterative interactions. J Med Internet Res. Nov 3, 2020;22(11):e20251. [doi: 10.2196/
20251] [Medline: 33141095]

11.  Maher CA, Davis CR, Curtis RG, Short CE, Murphy KJ. A physical activity and diet program delivered by artificially
intelligent virtual health coach: proof-of-concept study. IMIR mHealth uHealth. Jul 10, 2020;8(7):e17558. [doi: 10.2196/
17558] [Medline: 32673246]

12.  Kocielnik R, Xiao L, Avrahami D, et al. Reflection companion: a conversational system for engaging users in reflection
on physical activity. Proc ACM Interact Mob Wearable Ubiquitous Technol. 2018;2(2):70. [doi: 10.1145/3214273]

13.  Zhang J, Oh YJ, Lange P, Yu Z, Fukuoka Y. Artificial intelligence chatbot behavior change model for designing
artificial intelligence chatbots to promote physical activity and a healthy diet: viewpoint. J Med Internet Res. Sep 30,
2020;22(9):e22845. [doi: 10.2196/22845] [Medline: 32996892]

14. Singh B, Olds T, Brinsley J, et al. Systematic review and meta-analysis of the effectiveness of chatbots on lifestyle
behaviours. NPJ Digit Med. Jun 23,2023;6(1):118. [doi: 10.1038/541746-023-00856-1] [Medline: 37353578]

15. Bendotti H, Lawler S, Chan GCK, Gartner C, Ireland D, Marshall HM. Conversational artificial intelligence
interventions to support smoking cessation: a systematic review and meta-analysis. Digit Health.
2023;9:20552076231211634. [doi: 10.1177/20552076231211634] [Medline: 37928336]

16. Kramer LL, Ter Stal S, Mulder BC, de Vet E, van Velsen L. Developing embodied conversational agents for coaching
people in a healthy lifestyle: scoping review. J Med Internet Res. Feb 6,2020;22(2):e14058. [doi: 10.2196/14058]
[Medline: 32022693]

17. LiY,Liang S, Zhu B, et al. Feasibility and effectiveness of artificial intelligence-driven conversational agents in

healthcare interventions: a systematic review of randomized controlled trials. Int J Nurs Stud. Jul 2023;143:104494. [doi:
10.1016/j.ijnurstu.2023.104494] [Medline: 37146391]

https://mhealth.jmir.org/2025/1/e66403 JMIR Mhealth Uhealth 2025 | vol. 13 166403 | p. 12
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mhealth_v13i1e66403_app1.pdf
https://jmir.org/api/download?alt_name=mhealth_v13i1e66403_app1.pdf
https://jmir.org/api/download?alt_name=mhealth_v13i1e66403_app2.pdf
https://jmir.org/api/download?alt_name=mhealth_v13i1e66403_app2.pdf
https://www.who.int/news-room/fact-sheets/detail/noncommunicable-diseases
https://www.who.int/news-room/fact-sheets/detail/noncommunicable-diseases
https://www.who.int/teams/health-promotion/physical-activity/global-status-report-on-physical-activity-2022
https://www.who.int/publications/i/item/9789241599979
https://www.who.int/publications/i/item/9789241599979
https://doi.org/10.3390/nu12061558
http://www.ncbi.nlm.nih.gov/pubmed/32471188
https://ourworldindata.org/grapher/average-per-capita-vegetable-intake-vs-minimum-recommended-guidelines
https://ourworldindata.org/grapher/average-per-capita-vegetable-intake-vs-minimum-recommended-guidelines
https://ourworldindata.org/grapher/fruit-consumption-per-capita
https://ourworldindata.org/grapher/fruit-consumption-per-capita
https://www.who.int/publications/i/item/9789240088283
https://data.worldobesity.org/publications/
https://www.who.int/publications/i/item/9789241506236
https://doi.org/10.2196/20251
https://doi.org/10.2196/20251
http://www.ncbi.nlm.nih.gov/pubmed/33141095
https://doi.org/10.2196/17558
https://doi.org/10.2196/17558
http://www.ncbi.nlm.nih.gov/pubmed/32673246
https://doi.org/10.1145/3214273
https://doi.org/10.2196/22845
http://www.ncbi.nlm.nih.gov/pubmed/32996892
https://doi.org/10.1038/s41746-023-00856-1
http://www.ncbi.nlm.nih.gov/pubmed/37353578
https://doi.org/10.1177/20552076231211634
http://www.ncbi.nlm.nih.gov/pubmed/37928336
https://doi.org/10.2196/14058
http://www.ncbi.nlm.nih.gov/pubmed/32022693
https://doi.org/10.1016/j.ijnurstu.2023.104494
http://www.ncbi.nlm.nih.gov/pubmed/37146391
https://mhealth.jmir.org/2025/1/e66403

JMIR MHEALTH AND UHEALTH Chen et al

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Milne-Ives M, de Cock C, Lim E, et al. The effectiveness of artificial intelligence conversational agents in health care:
systematic review. J] Med Internet Res. Oct 22, 2020;22(10):¢20346. [doi: 10.2196/20346] [Medline: 33090118]

Oh YJ, Zhang J, Fang ML, Fukuoka Y. A systematic review of artificial intelligence chatbots for promoting physical
activity, healthy diet, and weight loss. Int ] Behav Nutr Phys Act. Dec 11,2021;18(1):160. [doi: 10.1186/s12966-021-
01224-6] [Medline: 34895247]

Chew HSJ. The use of artificial intelligence-based conversational agents (chatbots) for weight loss: scoping review and
practical recommendations. JMIR Med Inform. Apr 13, 2022;10(4):e32578. [doi: 10.2196/32578] [Medline: 35416791]
Laranjo L, Dunn AG, Tong HL, et al. Conversational agents in healthcare: a systematic review.J] Am Med Inform Assoc.
Sep 1,2018;25(9):1248-1258. [doi: 10.1093/jamia/ocy072] [Medline: 30010941]

Luo TC, Aguilera A, Lyles CR, Figueroa CA. Promoting physical activity through conversational agents: mixed methods
systematic review. J] Med Internet Res. Sep 14, 2021;23(9):25486. [doi: 10.2196/25486] [Medline: 34519653]

Higgins JPT, Chandler J, Cumpston M, Li T, Page MJ, Welch VA, editors. Cochrane handbook for systematic reviews
of interventions 6.4. Cochrane. 2023. URL: www.training.cochrane.org/handbook [Accessed 2025-05-08]

Moher D, Liberati A, Tetzlaff J, Altman DG, PRISMA Group. Preferred Reporting Items for Systematic Reviews and
Meta-Analyses: the PRISMA statement. Int J Surg. 2010;8(5):336-341. [doi: 10.1016/].ijsu.2010.02.007] [Medline:
20171303]

Brennan SE, Mckenzie JE. Chapter 12: synthesizing and presenting findings using other methods. In: Higgins JPT,
ThomasJ, Chandler J, editors. Cochrane Handbook for Systematic Reviews of Interventions Version 65. Cochrane; 2024.
Snilstveit B, Vojtkova M, Bhavsar A, Stevenson J, Gaarder M. Evidence & gap maps: a tool for promoting evidence
informed policy and strategic research agendas. J Clin Epidemiol. Nov 2016;79:120-129. [doi: 10.1016/].jclinepi.2016.
05.015] [Medline: 27387966]

Miake-Lye IM, Hempel S, Shanman R, Shekelle PG. What is an evidence map? A systematic review of published
evidence maps and their definitions, methods, and products. Syst Rev. Feb 10,2016;5:28. [doi: 10.1186/s13643-016-
0204-x] [Medline: 26864942]

Higgins JPT, Page MJ, Elbers RG, Sterne JAC. Chapter 8: assessing risk of bias in a randomized trial. In: Higgins JPT,
Thomas J, Chandler J, Cumpston M, Li T, Page MJ, Welch VA, editors. Cochrane Handbook for Systematic Reviews of
Interventions Version 6.4. Cochrane; 2023. URL: www.training.cochrane.org/handbook [Accessed 2025-05-08]

Higgins JPT, Eldridge S, Campbell MK, et al. Revised cochrane risk of bias tool for randomized trials (rob 2) for cluster-
randomized trials. riskofbias.info. 2021. URL: https://www riskofbias.info/welcome/rob-2-0-tool/rob-2-for-cluster-
randomized-trials [Accessed 2025-05-08]

Wright JA, Phillips BD, Watson BL, Newby PK, Norman GJ, Adams WG. Randomized trial of a family-based,
automated, conversational obesity treatment program for underserved populations. Obesity (Silver Spring). Sep
2013;21(9):E369-78. [doi: 10.1002/0by.20388] [Medline: 23512915]

Hassoon A, Baig Y, Naiman DQ, et al. Randomized trial of two artificial intelligence coaching interventions to increase
physical activity in cancer survivors. NPJ Digit Med. Dec 9,2021;4(1):168. [doi: 10.1038/s41746-021-00539-9]
[Medline: 34887491]

Carlin A, Logue C, Flynn J, Murphy MH, Gallagher AM. Development and feasibility of a family-based health behavior
intervention using intelligent personal assistants: randomized controlled trial. JMIR Form Res. Jan 28, 2021;5(1):e17501.
[doi: 10.2196/17501] [Medline: 33507155]

Olano-Espinosa E, Avila-Tomas JF, Minue-Lorenzo C, et al. Effectiveness of a conversational chatbot (Dejal@bot) for
the adult population to quit smoking: pragmatic, multicenter, controlled, randomized clinical trial in primary care. JMIR
mHealth uHealth. Jun 27, 2022;10(6):e34273. [doi: 10.2196/34273] [Medline: 35759328]

Friederichs S, Bolman C, Oenema A, Guyaux J, Lechner L. Motivational interviewing in a web-based physical activity
intervention with an avatar: randomized controlled trial. J Med Internet Res. Feb 13,2014;16(2):e48. [doi: 10.2196/jmir.
2974] [Medline: 24550153]

Wang H, Zhang Q, Ip M, Fai Lau JT. Social media—based conversational agents for health management and
interventions. Computer (Long Beach Calif). 2018;51(8):26-33. [doi: 10.1109/MC.2018.3191249]

Alghamdi E, Alnanih R. Chatbot design for a healthy life to celiac patients: a study according to a new behavior change
model. IJACSA. 2021;12(10):12. [doi: 10.14569/1JACSA.2021.0121077]

Han R, Todd A, Wardak S, Partridge SR, Raeside R. Feasibility and acceptability of chatbots for nutrition and physical
activity health promotion among adolescents: systematic scoping review with adolescent consultation. JMIR Hum
Factors. May 5, 2023;10:e43227. [doi: 10.2196/43227] [Medline: 37145858]

Bischof G, Bischof A, Rumpf HJ. Motivational interviewing: an evidence-based approach for use in medical practice.
Dtsch Arztebl Int. Feb 19,2021;118(7):109-115. [doi: 10.3238/arztebl.m2021.0014] [Medline: 33835006]

https://mhealth.jmir.org/2025/1/e66403 JMIR Mhealth Uhealth 2025 | vol. 13 166403 | p. 13

(page number not for citation purposes)


https://doi.org/10.2196/20346
http://www.ncbi.nlm.nih.gov/pubmed/33090118
https://doi.org/10.1186/s12966-021-01224-6
https://doi.org/10.1186/s12966-021-01224-6
http://www.ncbi.nlm.nih.gov/pubmed/34895247
https://doi.org/10.2196/32578
http://www.ncbi.nlm.nih.gov/pubmed/35416791
https://doi.org/10.1093/jamia/ocy072
http://www.ncbi.nlm.nih.gov/pubmed/30010941
https://doi.org/10.2196/25486
http://www.ncbi.nlm.nih.gov/pubmed/34519653
https://doi.org/10.1016/j.ijsu.2010.02.007
http://www.ncbi.nlm.nih.gov/pubmed/20171303
https://doi.org/10.1016/j.jclinepi.2016.05.015
https://doi.org/10.1016/j.jclinepi.2016.05.015
http://www.ncbi.nlm.nih.gov/pubmed/27387966
https://doi.org/10.1186/s13643-016-0204-x
https://doi.org/10.1186/s13643-016-0204-x
http://www.ncbi.nlm.nih.gov/pubmed/26864942
https://www.riskofbias.info/welcome/rob-2-0-tool/rob-2-for-cluster-randomized-trials
https://www.riskofbias.info/welcome/rob-2-0-tool/rob-2-for-cluster-randomized-trials
https://doi.org/10.1002/oby.20388
http://www.ncbi.nlm.nih.gov/pubmed/23512915
https://doi.org/10.1038/s41746-021-00539-9
http://www.ncbi.nlm.nih.gov/pubmed/34887491
https://doi.org/10.2196/17501
http://www.ncbi.nlm.nih.gov/pubmed/33507155
https://doi.org/10.2196/34273
http://www.ncbi.nlm.nih.gov/pubmed/35759328
https://doi.org/10.2196/jmir.2974
https://doi.org/10.2196/jmir.2974
http://www.ncbi.nlm.nih.gov/pubmed/24550153
https://doi.org/10.1109/MC.2018.3191249
https://doi.org/10.14569/IJACSA.2021.0121077
https://doi.org/10.2196/43227
http://www.ncbi.nlm.nih.gov/pubmed/37145858
https://doi.org/10.3238/arztebl.m2021.0014
http://www.ncbi.nlm.nih.gov/pubmed/33835006
https://mhealth.jmir.org/2025/1/e66403

JMIR MHEALTH AND UHEALTH Chen et al

39. Prochaska JO, Velicer WF. The transtheoretical model of health behavior change. Am J Health Promot.
1997;12(1):38-48. [doi: 10.4278/0890-1171-12.1.38] [Medline: 10170434]

Abbreviations
Al artificial intelligence
E: effective
NE: not effective
NLP: natural language processing
PE: probably effective
PNE: not to be probably effective
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PROSPERO: International Prospective Register of Systematic Reviews
RCT: randomized controlled trial
RoB: Risk of Bias

Edited by Zhao Ni; peer-reviewed by Ali Jafarizadeh, Kate M O'Brien, Maria Chatzimina; submitted 12.09.2024; final
revised version received 02.04.2025; accepted 09.04.2025; published 11.06.2025

Please cite as:

Chen J, Hu RZ, Zhuang YX, Zhang JQ, Shan R, Yang Y, Liu Z

Natural Language Processing Chatbot—Based Interventions for Improvement of Diet, Physical Activity, and Tobacco
Smoking Behaviors: Systematic Review

JMIR Mhealth Uhealth 2025;13:e66403

URL: hitps://mhealth jmir.org/2025/1/e66403

doi: 10.2196/66403

©Jing Chen, Run-Ze Hu, Yu-Xuan Zhuang, Jia-Qi Zhang, Rui Shan, Yang Yang, Zheng Liu. Originally published in JMIR
mHealth and uHealth (https://mhealth.jmir.org), 11.06.2025. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in JMIR mHealth and uHealth, is
properly cited. The complete bibliographic information, a link to the original publication on https://mhealth.jmir.org/, as well
as this copyright and license information must be included.

https://mhealth.jmir.org/2025/1/e66403 JMIR Mhealth Uhealth 2025 | vol. 13 166403 | p. 14
(page number not for citation purposes)


https://doi.org/10.4278/0890-1171-12.1.38
http://www.ncbi.nlm.nih.gov/pubmed/10170434
https://mhealth.jmir.org/2025/1/e66403
https://doi.org/10.2196/66403
https://mhealth.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://mhealth.jmir.org/
https://mhealth.jmir.org/2025/1/e66403

	Natural Language Processing Chatbot–Based Interventions for Improvement of Diet, Physical Activity, and Tobacco Smoking Behaviors: Systematic Review
	Introduction
	Methods
	Study Design
	Search Strategy
	Study Selection
	Data Extraction
	Data Synthesis
	Assessment of the Outcome Quality and Evidence Certainty
	Ethical Considerations

	Results
	Literature Search
	Characteristics of Included Studies
	Effectiveness of NLP Chatbot–Based Interventions on the Changes of Behaviors in Diet, Physical Activity, or Tobacco Smoking
	Effectiveness of NLP Chatbot–Based Interventions on the Effectiveness-Related (Secondary) Outcomes
	Implementation of NLP Chatbot–Based Interventions
	Assessment of Risk of Bias

	Discussion
	Principal Findings
	Conclusion



