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Abstract
Background: Conversational agents (chatbots) are increasingly used as digital health interventions to support chronic 
disease self-management. Advances in natural language processing (NLP) have improved their capacity for interactive 
dialogue and personalization, yet evidence regarding their implementation and clinical impact remains limited. Objectives:
This systematic review identifies and synthesizes studies implementing NLP-based chatbots for chronic disease self- 
management. Methods: We searched seven electronic databases (PubMed, Embase, CINAHL, Web of Science, Scopus, 
Cochrane Library, and IEEE Xplore) and Google Scholar for studies published between January 2010 and November 2025. 
Studies evaluating NLP-based chatbots designed to support chronic disease self-management were deemed eligible. Study 
quality and risk of bias were assessed using the Mixed Methods Appraisal Tool and the Quality Assessment with Diverse 
Studies instrument. Results: Six studies met the inclusion criteria; most were published in 2023 and targeted conditions such 
as cancer, diabetes, and hypertension. Chatbot functions primarily focused on symptom monitoring and disease-related 
education. Reported outcomes included improvements in disease-related knowledge, symptom burden, mental well-being, 
and self-care adherence. Usability and acceptability were generally favorable, with high satisfaction, perceived usefulness, 
and engagement. However, evidence of objective clinical benefits, including laboratory outcomes, was limited. Technical 
architectures varied widely, and advanced NLP capabilities—such as free-text natural language understanding—were rarely 
implemented. Conclusions: NLP-based chatbots show promise for supporting chronic disease self-management, par
ticularly for psychosocial and behavioral outcomes. However, evidence of clinical efficacy remains limited. Future research 
should prioritize adaptive, context-aware designs and standardized outcome frameworks aligned with real-world self- 
management needs.
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Introduction
A conversational agent, or chatbot, is a software application that communicates with users through text or voice and has 
become increasingly prominent in patient care and health management.1 Chatbots can broaden access to health information 
and support individuals in regulating their health behaviors and decisions by simulating elements of human conversation.2–4

Recent advances in system architecture and functionalities enable exchanges that closely resemble human-to-human 
communication, and their adoption across diverse healthcare settings has expanded rapidly.5

Most contemporary chatbots are underpinned by advances in natural language processing (NLP), which converts free-text 
inputs into machine-readable linguistic features, and natural language understanding (NLU), which infers users’ intents and 
meanings in context, combined with machine learning techniques to interpret unstructured user inputs and deliver 
contextually appropriate responses.5 Implementation strategies range from rule-based systems that follow predetermined 
scripts to more complex artificial intelligence (AI)-based retrieval and generative models, which occasionally integrate 
multimodal inputs such as text, speech, and images.6 This technological foundation enables chatbots to extract clinically 
relevant information and provide context-aware and empathetic interactions that may foster user engagement and sustained 
use.7,8

In healthcare delivery, chatbots have been employed to improve access to timely information and reduce temporal and 
geographic barriers by providing personalized, on-demand support.9,10 Such support can be directed toward patients, 
families, caregivers, and health professionals and may function as an adjunct tool for education, counseling, and com
munication.10 Emerging studies have documented chatbot interventions in domains such as emergency response guidance, 
perinatal health management, and caregiving support.11–13 However, the current evidence base remains fragmented, partly 
due to heterogeneity in study designs, relatively short intervention durations, and the absence of standardized outcome 
measures.13,14

Chronic diseases are a leading cause of morbidity and mortality worldwide, and impose long-term, complex demands on 
patients, families, and health systems.15,16 As populations age and medical advances prolong survival, increasing numbers of 
individuals continue to live with chronic conditions for many years, thereby frequently experiencing recurrent exacerbations 
and clinical uncertainty.15–17 These patterns underscore the necessity for tailored education, continuous monitoring, and 
timely feedback throughout the illness cycle.17 Chronic disease self-management refers to the ongoing process through 
which individuals with chronic conditions actively manage the symptoms, treatments, lifestyle modifications, and cope with 
the psychosocial consequences of their illness.16 Digital health interventions have emerged as a critical platform for 
delivering technology-enabled strategies for chronic disease self-management, providing dynamic responses to evolving 
needs, and offering personalized recommendations.18

Conventional rule-based chatbots rely solely on fixed scripts or button-based inputs, whereas NLP-based chatbots can 
process both predefined responses and free-text input, infer user intent, and, in some cases, detect emotional cues. This 
capacity enables more adaptive and personalized interactions.19 Such systems are well-suited for chronic disease self- 
management because they can deliver tailored educational content, monitor symptoms and health behaviors, support goal- 
setting, and guide appropriate use of healthcare services.10,20,21 Emerging research suggests that such interventions may 
enhance self-efficacy, promote health-supporting behaviors, and potentially reduce the long-term healthcare burden.20,21 By 
incorporating emotional exchanges and leveraging longitudinal user data, NLP-driven chatbots can adapt to changing disease 
stages and needs, thereby fostering trust, continuity of care, and effective disease management over time.18,19,22

Previous reviews have primarily catalogued chatbot types, core functions, or usability features in the context of chronic 
disease management,18,21,23 while often treating chatbots as a single, broad category rather than examining NLP-based 
systems separately. Consequently, evidence on how NLP-based chatbots are implemented for chronic disease self- 
management and the resultant health-related outcomes remains fragmented. Therefore, this systematic review aims to: (1) 
characterize the implementation of NLP-based chatbots designed to support chronic disease self-management, and (2) 
synthesize the health outcomes reported across these studies.

Methods
This systematic review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
guidelines (Multimedia Appendix 1).24 The review protocol was prospectively registered with PROSPERO (registration 
number: CRD420251058858).
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Search strategy

A comprehensive search was conducted across seven electronic databases (PubMed, EMBASE, CINAHL, Web of Science, 
SCOPUS, the Cochrane Library, and IEEE Xplore) and one gray literature source (Google Scholar). The search included 
articles published between January 2010 and November 2025. Key terms targeted the population and intervention, including 
“patient,” “chronic,” and “chronic disease,” combined with “chatbot,” “natural language processing,” “conversational 
agent,” “conversational AI,” “agent-based system,” and “natural language understanding.” These terms were searched in 
titles, abstracts, and full texts when available. We did not impose restrictions on comparison groups or predefined clinical 
endpoints to capture the full range of contexts in which NLP-based chatbots have been used for chronic disease self- 
management and identify exploratory evidence across diverse outcome domains. Furthermore, the reference lists of all 
eligible articles were manually screened to identify additional relevant studies. The complete search strategy is provided in 
Multimedia Appendix 2.

Inclusion and exclusion criteria

The inclusion criteria are summarized in Table 1. For this review, NLP-based chatbots were defined as applications or 
programs that enable bidirectional communication with users, rather than as one-way information-delivery tools. Con
sidering the heterogeneous reporting of chatbot architectures and underlying AI techniques across studies, a consistent and 
reproducible classification approach is required. Therefore, this review primarily adopted the terminology reported in the 
original publications to minimize misclassification.

In the healthcare chatbot literature, NLP-enabled systems often include hybrid architectures that combine NLP modules 
with predefined dialogue flows or structured response options.21 Accordingly, we operationally defined NLP-based chatbots 
as systems capable of processing unstructured or semi-structured user input using natural language techniques, including but 
not limited to intent classification, entity recognition, and semantic interpretation. This definition encompasses both hybrid 
rule-based–NLP systems and machine-learning–driven conversational agents, provided that the system includes explicit 
natural-language processing functions (e.g., intent recognition, entity extraction, or semantic parsing) applied to user input. 
Therefore, this review included studies only if they explicitly reported the use of NLP-related techniques in processing user 
input, regardless of the user interface modality (e.g., free-text or predefined input formats).

The World Health Organization defines chronic diseases as long-lasting conditions that typically progress slowly and 
cannot be fully cured with treatment alone.25 Although chronic pain and mental health conditions may share psychosocial 
characteristics with other chronic diseases, chatbot interventions in these areas are frequently designed as dedicated mental 
health interventions with specific therapeutic aims and outcome measures.26 These approaches often emphasize 

Table 1. Eligibility criteria for the study according to the PICOa question.

Criteria Inclusion Exclusion

Population/Patient ・ Adults aged 19 years and above 
with chronic conditions

・ Participants with chronic pain or 
psychiatric disorders

・Pediatric or adolescent populations 
(<19 years)

Intervention ・ NLPb-based chatbot 
interventions

・ Simple mobile applications or 
programs

・ Exclusively evaluating technical 
performance

Control/Comparison ・ No restrictions based on comparison
Outcome ・ No restrictions based on outcomes
Additional exclusion 

criteria
・ Books, gray literature, conference 

proceedings, and abstracts
・ Reviews, protocols, editorials, letters, and non-human studies
・ Non-English publications and studies without accessible full texts (e.g., 

corporate property requiring purchase)

aPICO: Population/patient, intervention, comparison, and outcome.
bNLP: Natural language processing.
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psychological or behavioral therapy rather than disease-oriented self-management. Accordingly, this review focused on 
chatbot interventions that support disease-oriented self-management of clearly defined chronic diseases. Studies reporting 
only the usability, satisfaction, or technical performance of chatbot systems without assessing any health-related outcomes 
were excluded.

Study selection and data extraction

After completing the search, all identified records were imported into EndNote 21, a reference management software, where 
duplicate entries were removed using automated and manual procedures. The titles and abstracts of each study were exported 
to Microsoft Excel for further analysis. Two authors (GI and HJ) screened each record to assess potential eligibility and 
categorized the studies as “potentially relevant” or “not relevant.” Full texts of studies deemed “potentially relevant” were 
subsequently reviewed to determine final eligibility. In cases of disagreement, the third author (YJ) was consulted to reach a 
consensus.

The study selection procedures were documented using a PRISMA 2020 flow diagram. Data from the included studies 
were extracted independently by two reviewers using a standardized piloted form that captured the study design, sample 
characteristics, chatbot characteristics, comparators (where applicable), and reported health and user experience outcomes.

Data synthesis and analysis

Data were extracted from abstracts, full texts, and supplementary materials in a standardized format and subsequently 
checked to ensure accuracy and consistency. Given the heterogeneity of NLP-based chatbots and study designs, this review 
was designed to integrate all reported systems and user-level and health-related outcomes, rather than evaluate a single 
predetermined clinical endpoint. The techniques and attributes of NLP-based chatbots for self-management were coded 
based on descriptions in the studies, which focused on implementation characteristics and targeted outcome domains.

The extracted data were comparatively analyzed and summarized in tables and narrative texts to identify core concepts 
across studies. A meta-analysis was not conducted due to substantial heterogeneity across intervention types, outcome 
measures, and study contexts. Consequently, narrative and descriptive syntheses were conducted.

Quality appraisals and risk of bias assessment

The methodological quality and risk of bias of the included studies were assessed using the Mixed Methods Appraisal Tool 
(MMAT),27 supplemented by the Quality Assessment with Diverse Studies (QuADS)28 for heterogeneous designs. Two 
authors (GI and HJ) independently conducted each appraisal, and any discrepancies were resolved through discussion with 
the third author (YJ), who also verified the consistency of the assessments (Multimedia Appendix 3).

Ethical approval statement

The study protocol was approved by the Institutional Research Board of Chung-Ang University (No. 1041078-20250522- 
HR-150).

Results
Literature search results

In the initial search across validated databases, 8,332 records were identified. After removing 3,348 duplicate records and 
278 records that automation tools marked as ineligible, 4,706 records were screened. Based on the titles and abstracts, 
4,546 records were excluded. The full texts of the remaining 160 articles were reviewed, and six studies that met the inclusion 
criteria were incorporated in the final analysis. Moreover, nine potentially eligible records were identified from citation lists; 
of these, two overlapped with previously extracted records, and the remaining seven were excluded due to mismatches in 
participant criteria or a primary focus on technical performance rather than intervention (Figure 1).

Quality assessment of the included studies

Overall, the six included studies reflected a heterogeneous but generally moderate methodological quality. According to the 
MMAT, randomized controlled trials demonstrated a low risk of bias in allocation and outcome assessment, although 
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uncertainties persisted regarding blinding procedures and attrition.29,30 Meanwhile, technical and feasibility studies were 
constrained by small sample sizes and limited transparency in recruitment processes.31,32 According to QuADS, five studies 
scored between 27 and 37 out of a possible 42 points, and one study scored 31 out of 48 points, thereby collectively indicating 
moderate methodological quality.

Across study designs, common strengths included clearly defined aims, appropriate data collection procedures, strong 
alignment between research questions and analytic methods, and explicit reporting of study limitations.29,33,34 Conversely, 
weaknesses included limited use of theoretical or conceptual frameworks, incomplete reporting of the reliability and validity 
of outcome measures, and minimal involvement of end users in the development and refinement of NLP-based chatbot 
interventions (Multimedia Appendix 3).

No study was excluded solely on the basis of quality appraisal; instead, risk-of-bias and quality assessments were used to 
inform the interpretation and weighting of the findings.

Characteristics of the included studies

Table 2 summarizes the characteristics of the six studies included in this review. Of these, five were published in 2023, 
including three development or feasibility studies31–33 and two randomized controlled trials (RCTs),29,30 and one mixed- 
methods study.34 NLP-based chatbots were implemented across community and hospital settings, with cancer emerging as 
the most frequently targeted condition.29,30,33 The sample sizes ranged from 10 to 156 participants, and only one study was 
designed to allow access to users other than patients.29

NLP-based chatbot attributes of the included studies

Table 3 summarizes the technical attributes of the NLP-based chatbots deployed for chronic disease self-management, as 
reported in the included studies. Web-based interfaces were the predominant delivery channel,29,31,33,34 although several 
interventions were available as mobile or tablet applications.32–34 The reported study periods ranged from three weeks to one 

Figure 1. PRISMA flow diagram of study selection.
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year; however, two studies did not specify the intended duration of chatbot use, thereby limiting the comparability of 
exposure across trials.31–34 Engagement was typically limited to a single-use session, thus, leaving uncertainty regarding 
whether most systems were designed to support sustained or repeated use.29,31,33

Regarding user input modality, fixed text and free-text entries were used, with several studies combining these 
formats.31–34 Text-based output was predominant for the agent output modality, whereas other studies incorporated images 
or videos.32,34 In language processing, most chatbots incorporate NLP or NLU modules. Nevertheless, details of the 
underlying algorithms and the degree of automation or adaptive tailoring in responses were sparsely reported and varied 
across the six studies.

Table 2. Baseline characteristics of studies included for this review (N = 6).

First author, 
year [ref]

Country Study 
design

Setting Sample 
size

Mean age 
or range

Targeted 
user

Bibault et al., 
(2019)29

France RCTa Community 142 Mean: 42 Patients with breast 
cancer/and family

Görtz et al., 
(2023)33

Germany Development and 
feasibility

Hospital 10 Mean: 68 Range: 
49–81

Patients with prostate 
cancer

Tawfik et al., 
(2023)30

Egypt RCTa Hospital 150 Mean: 
45.68 Range: 
36–74

Patients with breast 
cancer

Bruijnes et al., 
(2023)31

Netherlands Feasibility study Community 156 Mean: 37 Range: 
18–70

Patients with DMb

Au et al., 
(2023)34

Australia Feasibility study Hospital 20 Mean: 55.5 Patients with chronic 
liver disease

Griffin et al., 
(2023)32

United 
States

Mixed Methods Community 10 Mean: 60 Patients with 
hypertension

aRCT: Randomized controlled trial.
bDM: Diabetes mellitus.

Table 3. Technical attributes of NLP-based chatbots in the included studies. (N = 6).

First author, 
year [ref]

Chatbot name Channels of 
chatbot

Study 
period

Chatbot 
usage 
frequency

User input 
modality

Language 
processing 
technologies

Agent 
output 
modality

Bibault 
et al., 
(2019)29

Vik Web app 1 month Single-use 
session

Fixed texts NLPa Texts

Görtz et al., 
(2023)33

PROSCA Web and 
mobile 
app

1 year Single-use 
session

Free and fixed 
texts

NLPa Texts

Tawfik 
et al., 
(2023)30

ChemoFreeBot Mobile app 4 months 3 sessions 
only

Fixed texts NLPa Not 
reported

Bruijnes 
et al., 
(2023)31

Not reported Web app 3 weeks Single-use 
session

Free and fixed 
texts

NLUb Texts

Au et al., 
(2023)34

Lucy Liver Bot Tablet- 
based 
app

Not 
reported

Not reported Free and fixed 
texts

NLPa Texts, 
images, 
videos

Griffin et al., 
(2023)32

Medicagent Web and 
mobile 
app

Not 
reported

Not reported Free and fixed 
texts and 
speech

NLUb Texts, 
images

aNLP: Natural language processing.
bNLU: Natural language understanding.
Notes: “Fixed texts” refer to predefined user interface input options (e.g., menus, keywords), which do not preclude the use of NLP techniques for 
processing user input.
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Applications and outcomes of NLP-based chatbots in chronic disease self-management

Table 4 presents the patterns of NLP-based chatbot utilization by domain in chronic disease self-management. Overall, the 
most frequently reported function was providing information on disease and treatment. In particular, studies focusing on 
cancer classified information provision and clinical management support as primary or supportive functions.29,30,33 Some 
studies on women’s cancers included emotional support functions in a supportive role.30 Studies designed for patients and 
their families (or caregivers) did not include psychosocial support.29 In contrast, studies targeting chronic diseases, such as 
hypertension and diabetes, classified monitoring functions and behavioral change support as primary functions.31,32 Some 
studies included all five domains, with chatbots providing clinical information, such as the management of chemotherapy- 
related side effects and medication guidance, while suggesting self-management strategies.30 Conversely, a single-domain 
approach focused solely on information provision was observed in a study on breast cancer.29 Overall, NLP-based chatbots 
were primarily used for information provision, self-management support, and clinical management support, with some 
studies also incorporating behavior change and emotional support functions (Multimedia Appendix 4).

As illustrated in Table 5, the outcomes of NLP-based chatbots were categorized into four domains—cognitive, clinical, 
psychosocial, and behavioral—as well as user experience. Across the included studies, chatbot use was generally associated 
with improvements in disease-related knowledge and health literacy, self-care behaviors such as medication adherence, and 
symptom management, as well as reductions in emotional distress. In terms of user experience, chatbots were generally 
reported to be acceptable and usable, with high levels of satisfaction, perceived usefulness, ease of use, and engagement. 
Figure 2 visually summarizes these results and illustrates the distribution of reported improvements across the result domains 
and the study as a whole.

Discussion
Principal findings

This systematic review analyzed six studies that utilized NLP-based chatbots to support self-management in patients with 
chronic diseases. Across these studies, NLP-based chatbots were primarily used to provide disease- and treatment-related 
information, monitor symptoms, alleviate emotional burden, and promote self-care behaviors. These findings are consistent 
with previous studies on NLP-based chatbots for lifestyle modification35 and AI-based chatbots designed to enhance mental 
health and well-being.36

The most consistent finding across the included studies was that NLP-based chatbots improved cognitive outcomes, such 
as disease-specific knowledge and health literacy. Previous studies have emphasized the role of health literacy as a 
fundamental prerequisite for informed decision-making and subsequent behavioral changes in the management of chronic 
diseases.37,38 This is particularly important for enabling patients to make informed decisions regarding self-management. 
Low health literacy may hinder sustained self-management, with its effects being less evident in short-term clinical outcomes 
but more likely to emerge as delayed behavioral or clinical improvements.35,39 Despite these encouraging cognitive, 
emotional, and experiential outcomes, evidence for clinical outcomes is limited. Among the included studies, only Tawfik 
et al. reported patient-reported clinical outcomes, such as reduced severity of anticancer therapy–related symptoms and 

Table 4. Domains of emphasis in NLP-based chatbot applications for chronic disease self-management.

First author, 
year [ref]

Information 
support

Clinical 
management 
support

Behavioral 
support

Monitoring 
support

Psychosocial 
support

Bibault et al., (2019)
29

Primary Supportive − − −

Görtz et al., (2023)33 Primary Primary − − Limited
Tawfik et al., (2023)

30
Supportive Primary Primary Primary Supportive

Bruijnes et al., 
(2023)31

− − Supportive Supportive Primary

Au et al., (2023)34 Primary Supportive Limited Limited Limited
Griffin et al., (2023)

32
Supportive Primary Primary Primary −

Notes: Within each domain, functions were classified as primary, supportive, or limited based on how prominently they were described in the original 
studies (primary = core function; supportive = secondary role; limited = minimally described).
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improved symptom management.30 However, none of the studies evaluated objective and clinically important outcomes, 
including blood pressure, hospitalization rates, disease progression, or mortality. This gap suggests current limitations in 
demonstrating clinically meaningful effects of NLP-based chatbots beyond intermediate or patient-reported outcomes.

An assessment of the reported studies reveals that, despite the relatively advanced technical capabilities of NLP-based 
chatbots, findings regarding their effectiveness remain fragmented and limited. User experience outcomes (satisfaction, 
perceived usefulness, ease of use, and engagement) were consistently positive across all studies. This supports previous 
findings that conversational agents are generally well accepted by patients.40,41 Furthermore, NLP-based chatbots can 
interpret free-text input and tailor responses to the user’s context,19 which may explain the consistently high levels of 
perceived naturalness and responsiveness reported in this review. Such acceptability is a likely critical prerequisite for long- 
term engagement and treatment adherence in the self-management of chronic diseases.20 These features should be un
derstood as complementing, rather than replacing, nurse-led clinical judgment and assessment.42,43

Table 5. Health outcomes and user experience with NLP-based chatbots.

Outcome 
domain

Measurements Key findings Studies 
(n)

Cognitive � Knowledge Chatbots consistently improved disease-related knowledge and 
understanding

5
� Health literacy

Behavioral � Self-care behaviors Chatbots supported adherence and self-management behaviors 4
� Medication adherence

Clinical � Symptom 
management

Chatbots facilitated symptom monitoring and management 1

� Adverse event control
Psychosocial � Emotional distress Chatbots reduced distress and improved emotional support 4

� Psychosocial well- 
being

User experience � Satisfaction Chatbots were generally well accepted, usable, and engaging across 
studies

6
� Usefulness
� Ease of use
� Engagement

Figure 2. Heatmap of reported outcomes across NLP-based chatbot studies. Black boxes indicate that improvements were 
reported in the corresponding outcome domains, whereas white boxes indicate that the outcomes were not reported. Cognitive 
and user experience outcomes were most consistently observed, but evidence for clinical outcomes was limited.
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NLP-based chatbots designed to support self-management in patients with chronic diseases are gradually expanding 
beyond their role as simple information-delivery tools to also coordinate overall self-management.20,44 However, their ability 
to directly induce and sustain meaningful behavioral change in patients remains limited.42,45 Given these limitations, current 
NLP-based chatbots must be understood within the continuum of functional maturity. Specifically, the roles expected of 
chatbots in nursing practice can be categorized into three levels: (1) information providers,20 (2) interaction-based behavior 
coaches,44 and (3) adaptive self-management partners.46 Currently, most chatbots remain primarily at Level 1, with only a 
few implementing Level 2 functions to a limited extent. This imbalance suggests that clinical utilization lags behind the speed 
of technological advancements.

Consistent with this interpretation, NLP-based chatbots have predominantly been used as adjunctive tools rather than as 
standalone interventions. This aligns with prior findings indicating that most AI-based chatbots remain at the prototype stage 
and are primarily used for education, coaching, data collection, and support.42 In our review, while information provision and 
clinical support functions were consistently implemented across studies, psychosocial support and monitoring functions 
were only partially represented in the literature. These findings are consistent with previous research demonstrating that 
empathetic and nonjudgmental interactions mediated by NLP-based chatbots can help alleviate psychosocial burdens 
associated with chronic disease self-management.31 Such effects may be particularly pronounced in community settings 
where access to clinical care is limited,36 thereby extending prior work on conversational agents by illustrating how context- 
aware dialogue can provide emotional support.47,48

Utilization of NLP-based chatbots in chronic disease self-management

Our findings further indicate that current NLP-based chatbots are distributed unevenly across the chronic disease spectrum, 
with a clear concentration in education-focused self-management support but limited use in conditions requiring complex, 
long-term care.

In this review, the target conditions included cancer, diabetes, chronic liver disease, and hypertension, which represent 
only a fraction of the overall burden of chronic diseases.

Therefore, NLP-based chatbots remain underutilized in high-need populations that require continuous management.20 A 
crucial limitation that may reduce the system’s impact within the broader healthcare network is its design for use by patients in 
isolation, without integration with family caregivers, community health workers, or clinical staff.43 Even within these 
constraints, NLP-based chatbots have demonstrated the capacity to strengthen the core elements of self-management by 
improving patients’ understanding of their condition, supporting the early recognition of emerging problems, and offering 
emotional reassurance. Furthermore, their capacity to process free-text input and adapt information to individual language 
and comprehension levels underscores their potential as a coordination tool that bridges home, community, and clinical 
settings.49,50

Technical potential and future research

Previous reviews have broadly examined AI and conversational agents, while describing their functions and potential. 
However, they rarely link specific NLP capabilities, such as free-text processing or emotion recognition, to patient-centered 
outcomes and user experiences.18,21,23 Conversely, this review focused exclusively on NLP-based chatbots capable of 
processing unstructured text input, identifying user intent, and detecting affective cues, thereby allowing an in-depth 
examination of how these advanced features were implemented in chronic disease care and their association with self- 
management outcomes.

Although current implementations remain limited, capabilities such as NLU, intent recognition, context-sensitive 
response generation, and responsiveness to emotional cues can simultaneously enhance informational clarity, personalize 
feedback, and boost psychosocial support.51,52 These functions align directly with the core mechanisms required for the self- 
management of chronic diseases, including education, monitoring, and emotional support.44,53 However, as reported by 
Bruijnes et al., none of the studies included in this review successfully implemented real-time emotion detection or 
dynamically tailored interventions based on users’ affective states.31 This highlights the substantial gap between the 
theoretical capabilities of advanced NLP-based chatbots and their current implementation in clinical settings.20,23

Addressing this gap requires translating technical capabilities into clinically meaningful and context-sensitive inter
ventions. In this regard, nurses are well positioned to play a critical role in identifying real-world self-management needs in 
chronic disease care and operationalizing these needs into chatbot functions.54 For example, these advanced NLP capabilities 
could be integrated into nurse-led care pathways to enable continuous updating of personalized goals,55 escalation of 
unresolved or complex patient queries, and nurse-guided review of clinical data with timely, tailored feedback.23,56 Such 
implementation may involve identifying challenges related to self-management during the development phase and 
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evaluating whether the chatbot intervention—designed based on scenarios proposed by nurses—functions effectively in a 
real-world setting.54,57

Progress in this area requires longitudinal study designs that capture changes in clinically meaningful outcomes and 
document long-term engagement with chatbot systems.42,58 This requires randomized controlled trials (RCTs) with 
sufficient sample sizes and low risk of bias. Such RCTs should compare NLP-based chatbots with other non-pharmacological 
interventions and evaluate the effectiveness of the overall solution. As most of the included interventions reflected only a 
partial implementation of NLP capabilities, future research should investigate whether more advanced features, such as 
contextual reasoning, emotion detection, and adaptive response generation, yield greater benefits for self-management.51,52

Additionally, expanding the range of target conditions and integrating family caregivers or clinical personnel into chatbot- 
supported care pathways may provide a more realistic, real-world setting for chronic disease management.

Limitations

Despite its strengths, this study also had several limitations. First, most of the included studies were conducted at early 
developmental or feasibility stages, and NLP-based chatbot use relied on single- or short-term interactions with modest 
sample sizes, which reduced statistical power to detect clinically meaningful effects and precluded firm conclusions about 
sustained engagement or long-term clinical outcomes. Second, the reporting of technical implementation details was often 
insufficient, thereby constraining the interpretability and reproducibility of the findings. In several studies, NLP-based 
chatbots have been developed primarily from an engineering perspective, with minimal integration of clinical expertise. 
Future research should adopt co-design approaches involving nurses and patients to ensure that chatbot behaviors align with 
real-world self-management needs in home and community settings.

Third, the scope of this review was limited to studies published in English and excluded research on chronic pain and 
mental health conditions. These restrictions may have constrained the cultural and regional diversity of the evidence base, 
consequently limiting the generalizability of the findings to broader populations living with chronic diseases. Moreover, 
given the rapidly evolving nature of AI technologies, some studies included in this review may reflect the technical 
capabilities of earlier AI-based chatbot systems. Finally, few studies have quantitatively examined the relationship between 
primary outcome measures and satisfaction, which underscores the need for standardized outcome frameworks that address 
self-management behaviors and clinically meaningful endpoints in future NLP-based chatbot research.

Conclusions
NLP-based chatbots for chronic disease self-management remain at a relatively early stage of development but show 
potential as adjuncts to routine care. Across the six included studies, NLP-based chatbots were associated with improvements 
in disease-related knowledge, health and digital literacy, and health outcomes such as symptom distress, emotional well- 
being, and self-management behaviors. Additionally, they consistently received high ratings for satisfaction, perceived 
usefulness, usability, and engagement. However, evidence on the effects of clinically important endpoints (e.g., blood 
pressure control, hospitalization, or disease progression) remains sparse and methodologically limited. Future research 
should prioritize co-designed, robust longitudinal studies that integrate chatbots within nurse-led care pathways, employ 
advanced NLP capabilities, and use standardized self-management and clinical outcome measures to clarify the specific 
contributions of these systems to chronic disease care.
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