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1. INTRODUCTION

ABSTRACT

Background: In the context of surgical care where accurate and timely information is essential,
artificial intelligence (Al)-driven chatbots offer innovative opportunities for improving patient
education and perioperative outcomes.

Methods: A systematic review per PRISMA guidelines was conducted to evaluate the application
of chatbots within the surgical pathway and assess outcomes relating to patient experience, cost,
safety, and clinical recovery. Studies were retrieved from MEDLINE, EMBASE, CENTRAL, and Google
Scholar databases (November 2024) and were included if they deployed chatbots in the perioperative
timeframe for adult surgical patients.

Results: The review encompasses twelve studies totaling 6,619 patients, featuring rule-based, rule-
and-frame-based, hybrid, and generative Al chatbots. Chatbots were used for delivering automated
information (66%), answering patient queries (66%), symptom monitoring (16%), facilitating clinic
communication (16%), and soliciting patient feedback (8%). Chatbots achieved 60-82% satisfaction
on Likert scales, engagement rates of 35-83%, and accuracy rates from 79-99% depending
on function. Additionally, they reduced healthcare personnel workload, saving 9-39 hours per
100 patients postoperatively. While no shared clinical outcomes were assessed across multiple
studies, individual studies found chatbot use was associated with reductions in opioid use, pain,
preoperative anxiety and readmissions. Risk of bias was assessed via the ROBINS-I tool with most
studies classified as low risk (67%) and 25% as serious risk due to confounding variables, missing
data, and measurement biases.

Conclusion: Chatbots are emerging as a useful tool in surgical care, improving patient outcomes,
satisfaction, and engagement. Future research can further explore chatbot models, delivery methods,
and surgery-specific applications on clinical outcomes.

and patterns [4]. As Al advances in this manner, its implemen-
tation continues to expand across diverse disciplines, serving

Artificial intelligence (Al) has evolved over time, transitioning
from rudimentary rule-based support systems, which rely on
predefined “if-then”logic to make decisions, to frame-based sys-
tems, which structure knowledge into conceptual hierarchies for
context-aware reasoning [1,2]. These approaches, while effec-
tive for specific tasks, were limited in flexibility and scalability.
The development of hybrid systems, which combine symbolic
reasoning (rule- and frame-based logic) with data-driven tech-
niques, marked a step toward more adaptive Al, where sophis-
ticated frameworks such as natural language processing (NLP)
and machine learning (ML) were created to enable Al to analyze
and learn from unstructured data [3]. More recently, generative
Al has emerged, capable of extrapolating beyond existing data
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increasingly consequential roles. With the ongoing innovation
in healthcare technology, Al is gaining attention for its imple-
mentation in diagnostics, administrative workflow automation,
and medical education [5-8].

In addition to being utilized by providers, Al is becoming
increasingly relevant in direct patient care. Among its appli-
cations, chatbots—Al-powered conversational agents—have
emerged as one of the most practical, accessible and scalable
tools [9]. These systems, designed to simulate human interac-
tion, offer an innovative means to provide personalized, timely,
and accurate support to patients. The majority of prior data
pertains to mental health applications, where clinical chatbots
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have been used to deliver therapeutic interventions, conduct
diagnostic screening, assist with self-monitoring and behavior
prompting, and facilitate cognitive restructuring, highlighting
their potential to promote meaningful patient engagement
and personalized support [10-12]. Beyond mental health, con-
versational agents have improved self-management and treat-
ment adherence across various conditions such as asthma,
HIV, and breast cancer, while also promoting healthier lifestyle
behaviours [13-16]. Recently, Laymouna et al. conducted a sys-
tematic review of 161 studies wherein chatbots were used to
deliver remote health services including patient support, care
management, education, skill building, and health behavior pro-
motion [17]. 53.7% of the included studies reported improved
health outcomes and patient management, while 47.8% high-
lighted reductions in administrative or financial burdens on the
healthcare system [17]. Elsewhere, other systematic reviews
have emphasized high levels of patient satisfaction, usability,
and engagement, with abundant opportunities for personaliza-
tion across healthcare chatbot interventions [18,19].

In the context of surgery, chatbots offer a means to provide
patient education and surgical information, while address-
ing inquiries, concerns, and questions in a timely manner. For
instance, chatbots can provide postoperative recovery guid-
ance, increase awareness of potential complications, and assist
with symptom monitoring [20]. While less is certain regarding
the role of chatbot integration in the context of surgery relative
to other healthcare fields, the limited prior data available shows
promise. A systematic review by Lin et al. found that majority
of participants were satisfied with the use of chatbots (mean
proportion = 0.73) and gained knowledge in the perioperative
period (mean proportion = 0.80) [21]. However, this study was
constrained by a small number of studies and participants, and
it classified many chatbots solely as rule-based, highlighting
limitations in the complexity and adaptability of current chatbot
and Al systems.

This review seeks to evaluate chatbot interventions
designed to deliver surgery-related communication and analyze
their impact on patient experiences, cost-effectiveness, safety,
and clinical outcomes. By identifying trends, challenges, and
opportunities in perioperative chatbot implementation, this
review aims to offer insights on the evolving intersection of Al
and surgical care.

2. METHODS

2.1. Search Criteria

A systematic literature review was performed following the
Preferred Reporting of Systematic Reviews and Meta-Analysis
(PRISMA) guidelines [22]. A comprehensive search of MEDLINE,
EMBASE, CENTRAL, and Google Scholar databases was con-
ducted in November 2024, utilizing terms such as “chatbot’,
“conversational agent’, “surgery”’, “perioperative’, “surgical
patients’, “intervention” “implementation’, “applied’, and “out-
come” (Supplementary Figure 1). Only articles published in
English were included.

2.2. Inclusion and Exclusion Criteria

The initial screening of all identified abstracts were performed
by two independent reviewers (AEH and ATP). Inclusion cri-
teria for full-text review encompassed studies involving adult
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patients undergoing surgical procedures, the use of chatbots
in the perioperative setting, and the reporting of relevant out-
comes such as opioid use, pain, quality of life, patient experi-
ence, chatbot performance metrics or cost-effectiveness with
validated measures or scoring systems. All studies that met this
criteria were considered for full-text review.

A chatbotintervention was defined as any automated system
designed to interact with patients via text or voice, providing
information, assistance, or follow-up assessments within the
context of perioperative care. No limitations were placed regard-
ing the type of chatbot employed. Chatbots were categorized
as rule-based, frame-based, hybrid, or generative Al. Rule-based
chatbots operate without Al components, relying solely on pre-
defined rules and templates, offering rigid responses. Frame-
based chatbots combine structured workflows and slot-filling
mechanisms to guide conversations within predefined parame-
ters. Hybrid models integrate structured rule-based frameworks
with more advanced Al techniques like NLP and ML to interpret
input and provide context-specific responses within defined
parameters. Lastly, generative Al chatbots, leverage large lan-
guage models (LLMs), such as ChatGPT and Google Gemini,
and deep learning to process unstructured input and generate
dynamic, human-like responses without relying on predefined
rule-based frameworks [23,24].

Studies were excluded if the chatbot was utilized during
the consent process, for diagnostic purposes, or as a decision-
making tool. Additionally, studies were excluded if the primary
function of the chatbot was limited to remote patient symptom
monitoring without bidirectional interaction (i.e., the ability for
patients to actively engage and initiate communication with the
chatbot). These criteria ensured that the review focused specifi-
cally on chatbots designed to facilitate patient communication
and interaction throughout the surgical care pathway.

The reference lists of all included full-text articles, as well as
other relevant articles identified during the screening process,
were examined to locate additional studies.

2.3. Assessment of Study Quality

The risk of bias for quantitative outcomes was assessed using
the revised version of the ROBINS-I tool (Risk of Bias in Non-
randomized Studies-of Interventions) by two independent
reviewers (AEH and ATP) [25]. The ROBINS-1 tool evaluates
bias across seven domains: bias due to confounding variables,
selection of participants into the study, classification of inter-
ventions, deviations from intended interventions, missing data,
measurement of outcomes, and selection of the reported result.
Each outcome measure within a study was rated as having a
low, moderate, serious, or critical risk of bias, and these ratings
were used to determine an overall risk of bias score for each
study. Discrepancies between reviewers were resolved through
discussion.

2.4. Data Extraction

Study characteristics were independently extracted by AEH and
ATP, including study type, sample size, and surgical subspecialty.
Chatbot intervention characteristics included the phase of care
during which the chatbot was deployed, the type of chatbot,
the delivery method, and a brief description of the chatbot.
The follow-up duration of the study as well as relevant outcome
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measures such as opioid use, pain, quality of life, patient expe-
rience and engagement, and cost-related and safety outcomes
and the type of measure utilized were also collected. Any data
not reported in the original studies are labeled as “not available”
(NA) in the corresponding table.

2.5. Statistical Analysis

Descriptive statistics were used for analysis. All cost and time-
related calculations were derived from data tables provided in
the studies. For studies that did not explicitly calculate time sav-
ings, the total hours reduced per 100 patients was estimated by
analyzing standard care and chatbot implementation costs. A
detailed outline of the calculations is provided in Supplementary
Figure 2.

3. RESULTS

3.1. Study Characteristics

A search of MEDLINE, EMBASE, CENTRAL, and Google Scholar
databases resulted in 339 articles for applied chatbot interven-
tions (Figure 1). After abstract and full-text review screening, 12
articles were included (Table 1) in our applied chatbot interven-
tions review [26-37].

The included studies, published between 2019 and 2024,
encompass 6,619 patients undergoing various surgical proce-
dures (intervention group, n = 3,593; control group, n = 3,026;
Table 2). Among the various study designs, the most common
were were prospective cohort studies and feasibility studies
(33.4%), followed by prospective observational or comparative
studies (25.0%), randomized controlled trials (16.7%), retrospec-
tive reviews (16.7%), and randomized trials (8.3%). Six studies
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included a control group in which patients received standard
perioperative care with no chatbot.

Most studies focused on patients undergoing orthope-
dic surgeries, accounting for 6 out of the 12 included studies
(50.0%). The types of procedures within orthopedic surgery
were variable, but included total joint arthroplasty (hip and
knee), hip arthroscopy, total knee replacement, and trauma sur-
geries. Other specialities included anesthesia (16.7%), colorectal
surgery (8.3%), ophthalmology (8.3%), urology (8.3%), and vas-
cular surgery (8.3%). Chatbots were most commonly deployed
in the postoperative phase of care (66.7%), followed by both the
preoperative and postoperative phases (16.7%), and the preop-
erative phase only (16.7%).

Regarding chatbot type, seven studies employed hybrid
chatbots, two employed rule-and-frame based chatbots, two
used solely rule-based chatbots, and one utilized a generative
Al chatbot (ChatGPT 3.5). Chatbots were primarily accessed via
smartphones (83.3%), with delivery methods including text
(60.0%), mobile apps (20.0%), and phone calls (20.0%). One
study employed a website URL that could be accessed from any
smart device (e.g., smartphone, tablet, or computer) [31] and
another had patients utilize ChatGPT-3.5 [37].

In terms of chatbot use, 41.7% of studies utilized chatbots
to specifically facilitate post-operative care providing educa-
tional resources, recovery instructions, symptom management,
rehabilitation guidance, complication monitoring, and real-time
support, including symptom tracking and clinical team referrals.
An additional 33.3% developed chatbots to assist with overall
surgery support. This included providing personalized preoper-
ative preparation tips, recovery guidance, therapy videos, FAQs,
answers to patient concerns (e.g., pain management, shower-
ing protocols), and personalized messages from surgeons to
enhance patient care and engagement both before and after
surgery. 16.7% utilized chatbots via automated postoperative
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Figure 1 PRISMA flowchart. PRISMA refers to preferred reporting items for systematic reviews and meta-analyses.
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Surgery Support: Chatbot delivered automated multilingual SMS

90 days

Smartphone

Hybrid

Pre-op,

Orthopedic surgery

1,350

Retrospective

Rainey et al.,

text messages with surgery preparation, recovery information,
therapy videos, and personalized video messages from their
surgeon. Patients could also initiate conversations with the

(text)

review (1282:68) (TKA, THA) post-op

2023 [35]

chatbot and inquire about various topics relating to surgical care.

Surgery Support: Chatbot delivered automated messages to

90 days

Smartphone

Hybrid

Pre-op,

Orthopedic surgery

1,338

Retrospective

Rainey et al.,

patients including preoperative preparation tips, post-op recovery,
therapy videos, and personalized video messages directly from

(text)

review (1338:0) (TKA, THA) post-op

2024 [36]

their surgeons. Patients could also initiate conversations with the

chatbot and inquire about various topics relating to surgical care.

Surgery Support: Patients were encouraged to interact with

Generative Al ChatGPT 3.5 1 hour after

Anesthesia Pre-op

RCT 100

Yahagi et al.,

ChatGPT to seek information or address concerns related to

consultation

(50:50)

2024 [37]

surgery or anesthesia. They were assured that the medical infor-

and 1 day after

surgery

mation provided by ChatGPT would be reviewed by the anesthe-

siologist to identify any discrepancies and ensure patient safety

and accuracy.

ACT: Acceptance and Commitment Therapy; Al: Artificial Intelligence; C: Control Group; ED: Emergency Department; EPL: English Proficient Language; FAQs: Frequently Asked Questions; I: Intervention Group; LEP:

Limited English Proficiency; MIS: Minimally Invasive Surgery; NLP: Natural Language Processing; PAC: Preanesthetic Consultation; RCT: Randomized Controlled Trial; SMS: Short Message Service; THA: Total Hip Arthro-

plasty; TKA: Total Knee Arthroplasty; TKR: Total Knee Replacement.

A.E. Hall et al.

follow-up calls, collecting feedback on hospital experiences,
recovery, and rehabilitation, or conducting symptom assess-
ments with real-time supervision. Lastly, 8.3% specifically used
the chatbot to help deliver acceptance and commitment ther-
apy to patients postoperatively. Overall, regarding chatbot
function, 66.67% of chatbots provided information to patients,
66.67% answered patient queries, 16.67% assisted with symp-
tom monitoring and complication detection, 16.67% facilitated
follow-up appointments and clinic communication and 8.3%
solicited patient feedback.

3.2. Applied Chatbot Integration Outcomes

Studies examined a broad range of outcomes, which were
grouped into three key categories: patient experience, cost-
effectiveness and safety, and clinical outcomes (Figure 2).

Eleven studies reported on various outcomes related to
patient interaction with chatbots, with five studies examining
patient satisfaction [28,30,31,33,37], three studies on percep-
tions [32,34,37], four studies on engagement [28,32,35,36],
two addressing knowledge or understanding [31,37], and two
addressing patient adherence [29,33]. Overall, high satisfac-
tion rates were reported, with 60.1-82.0% of patients report-
ing the chatbot was helpful or delivered clear and appropriate
information (measured through Likert scales) [28,30,31,37].
While patients generally viewed chatbots positively, especially
regarding with the chatbot’s utility for non-urgent concerns,
one study raised comments from patients about the lack of a
“human element,” in complications, while another noted a pref-
erence for calling the clinic for serious issues [32,34].

Engagement rates ranged from 35.0-83.3%, with one study
identifying primary barriers to engagement to be misplacing
follow up instructions or relying on follow-up with clinic or
discharge papers [28,32]. In the studies evaluating language,
chatbot engagement was found to be comparable between
patients with limited English proficiency and English as primary
language [35]. Additionally, a study comprising 1,338 patients
identified factors associated with higher engagement, including
female sex, non-Medicaid insurance, older age, better pre- and
post-operative physical function, and lower preoperative pain
scores [36]. Conversely, lower engagement was observed in
patients with higher readmission rates [36].

Of studies evaluating patient knowledge or understanding,
one study assessed patient knowledge through a self-reported
anesthesia knowledge test before and after the chatbot was
delivered, finding a significant improvement in knowledge fol-
lowing chatbot use compared to control group (p < 0.001) [31].
The other study evaluated improvement of patients’ under-
standing of their treatment process after a chatbot was used for
preoperative consultation, reporting an average improvement
score of 2 out of 4 [37]. Of studies assessing patient adherence
among the chatbot intervention group, one reported a 78.0%
adherence rate to a rehabilitation program (attending > 80.0%
of program sessions) [29], while the other found 83.7% complete
adherence to daily postoperative symptom monitoring [33].

Four studies explored system-level outcomes, including
cost-effectiveness [27,34], health resource utilization [30], and
chatbot safety outcomes [30,33,34]. In studies that utilized chat-
bots in conducting patient feedback and follow-up assessments,
it was found that chatbots were effective in reducing between
9.3-39.0 hours spent per 100 patients and cost benefits were
£35.18 per patient with 96.5% of calls completed autonomously
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0.005) and

Queries were recorded and categorized by  Post-op patients seen in the ED most inquired about ambulation (p

Chatbot queries

Patient experience

0.28).

weaning from narcotics (p
For readmitted patients, discussions around ambulation (p

StreamMD

0.02) and weaning from

0.02) were significant.
Querying about exercise was associated with patients not being readmitted (p

narcotics (p

0.0009)

0.0001).

and not having ED visits postoperatively (p
Patients with a mental health diagnosis (MDD, GAD) were more likely to raise high-acuity

0.005).
1G showed significant reduction in preoperative anxiety that was sustained postoperatively

topics (p

Japanese STAI

Preoperative anxiety

Clinical outcomes

Yahagi et al., 2024

0.015).

(significant interaction between group and time on STAI scores, p

371

Average score for patient satisfaction was 3.0 (IQR: 2-4).

4-point scale

Patient satisfaction

Patient experience

Average score for improved patient understanding of treatment process was 2.0

4-point scale

Improvement in patient

Patient experience

(IQR: 1-2).

understanding of
treatment process

Average score of chatbot relevancy compared to anesthesia nurse was 2.0 (IQR: 1-2).

4-point scale

Patient perception of

Patient experience

chatbot responses as more

relevant than nurses’

CG: Control Group; ED: Emergency Department; EPL: English as Primary Language; GAD: Generalized Anxiety Disorder; IG: Intervention Group; IQR: Interquartile Range; LEP: Limited English Proficiency; MDD: Major

Depressive Disorder; NA: Not Applicable; NPS: Net Promoter Score; NPV: Net Predictive Value; PROMIS: Patient-Reported Outcome Measures Information System; PRO: Patient-Reported Outcome; STAI: State-Trait

Anxiety Inventory; SUS: System Usability Scale; TUQ: Telehealth Usability Questionnaire.
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(Supplementary Figure 2) [27,34]. While one study did not con-
duct a cost-analysis, it examined health resource utilization,
reporting that 46.0% of patients who were concerned about
potential complications sought reassurance through the chat-
bot rather than pursuing additional medical attention. The chat-
bot responses to the patient queries were reviewed and found
to be appropriate [30].

Three studies assessed chatbot safety-related outcomes,
focusing on the accuracy of chatbot responses and its ability
to identify and manage risks. Chatbot accuracy varied depend-
ing on function, ranging from 79.0% to 98.7% [30,33,34]. In
one study evaluating patient inquiries, it was reported that the
chatbot appropriately handled 79.0% of questions, correctly
identifying topics 58.0% of the time, and correctly answering
31.0% of the cases independently [30]. Among questions having
safety implications, the chatbot correctly responded to 70.0%
of questions, though 30.0% were inadequately addressed, none
resulted in patient harm.

In detecting complications, key symptoms, and determining
follow-up needs, chatbot performance was mixed. Sensitivity
ranged from 75.0% to 93.8% and specificity from 83.0% to 99.5%
with error rates as low as 1.3% for symptom tracking but reach-
ing 17.7% for complication detection [33,34]. Chatbots performed
best in recognizing individual symptoms (98.5% accuracy) but had
lower accuracy (88.7%), when assessing whether patients required
further clinical management [34]. Complication detection was
less reliable, with an accuracy of 82.0%, sensitivity of 75.0%, and
a false negative rate of 25.0% [33]. Across studies, chatbots were
more likely to produce false positives than false negatives, with
false-positive rates ranging from 13.7-17% and false-negative
rates from 6.3-25.0%, indicating that chatbots tend to overflag
rather than miss concerns [33,34]. Importantly, even when chat-
bots failed to identify complications or flagged unnecessary con-
cerns, no reported errors resulted in patient harm.

In clinical decision-making, one study found that chatbot
recommendations matched physician discharge and review
decisions 89.0% of the time [34]. While it correctly identified
58.0% of discharges and 31.0% of reviews, it tended to be
overly cautious, generating more false positives (9.0%) than
false negatives (2.0%). Overall, the chatbot demonstrated
moderate-to-strong agreement with clinicians, reinforcing its
reliability in postoperative management (k = 0.758-0.970).

Four studies assessed key measures of pre- and postop-
erative recovery, each evaluating different clinical outcomes.
While no single outcome was measured across multiple studies,
individually assessed outcomes included opioid use [26], pain
intensity [26], anxiety [37], emergency department (ED) visits
[35], readmissions [35], reoperation rates [35], and rehabilita-
tion program adherence [29]. Validated measures were used in
80.0% of studies reporting patient-reported outcomes. Overall,
chatbots demonstrated reduced opioid use (-37.0%) [26], pain
(=3.7 points) [26], preoperative anxiety [37], and readmissions
[35]. Additionally, one study reported a 15.0% increase in com-
pliance with a postoperative rehabilitation program compared
to the control group [29].

3.3. Bias Results

ROBINS-1 was used to assess the quality of included studies,
with results summarized in Supplementary Figure 3. Of the 12
studies meeting inclusion, 8 were classified as low risk (66.7%),
1 of moderate risk (8.3%), and 3 of serious risk (25.0%) of bias.
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Rule-Based Frame-Based

Combines structured
workflows and slot-filling
mechanisms to guide
conversations and
interactions

Utilizes predefined
rules and templates
to deliver automated

information

Hybrid

Combines rule and frame-
based capabilities with Al-
driven techniques (NLP and
ML) to process and learn from
unstructured input within
predefined frameworks

Chatbot Functions in Perioperative Settings

Allows for delivery of
automated surgical
information, preoperative
interventions, and
reminders

Can facilitate follow-up
appointments and forward
messages to care team

Can process patient queries
and respond utilizing
predefined frameworks (NLP)
and predict complications,
facilitate remote patient
monitoring, and conduct post-
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Generative Al

Utilizes large language
models (LLMs) and deep
learning to process
unstructured input and
generate dynamic human-like
responses without relying on
predefined frameworks

Utilizes LLM (i.e.
ChatGPT) to provide
patients empathetic,

human-like responses to
patient queries without
predefined frameworks

op assessments (ML)

Outcomes

Patient Experience
« Patient satisfaction rates
 Patient engagement rates

ranged from 35-83%"*
« Improved patient knowledge™ "

« Increased patient adherence™* on function

Cost-Effectiveness & Safety

» Reduced healthcare staff

ranged from 60-82%™ """ workload by 9-39 hours per -
100 patients postoperatively

» Chatbot accuracy ranged
between 79-99% depending

Clinical Outcomes

* Reduced:

o opioid use”

o pain®

o anxiety”

o readmissions™
 Improved:

o rehabilitation program

compliance”

Figure 2 Chatbot flowchart. This figure summarizes the different chatbot types, associated functions in the perioperative setting,

and outcomes reported in this review.

The quality of the included studies was assessed for each quan-
titative outcome measure individually. However, as there were
no differences in the risk assessments across individual outcome
measures, the overall quality ratings are reported collectively.

Downgrades in the risk of bias score were due to confound-
ing variables where studies did not adequately control for exter-
nal variables [28,32], deviations from intended interventions
[31], missing data [28], and measurement of outcomes [26]. For
example, Black et al. and Goldenthal et al. did not control or eval-
uate confounding variables in their patient populations, intro-
ducing unaccounted external factors. Ferre et al., conducted a
per-protocol analysis, including only patients who accessed the
intervention website, introducing the potential for selection
bias. Black et al., also lacked clear information about how data
on engagement and satisfaction were collected, raising poten-
tial concerns about missing data and response validity. Anthony
et al., demonstrated possible measurement bias, as research
assistants and patients were not blinded to patient group
assignments or outcomes of interest.

Among studies that were considered low risk and serious
risk, 18.2% consisted of abstracts, limiting the ability to assess
the full methodologies, evaluate the robustness of outcome
measures, and determine the extent of potential bias.

4. DISCUSSION

The capabilities and integrations of Al in healthcare are
increasing rapidly, offering the potential to enhance patient
and clinician experiences and overall healthcare efficiency
[5,38,39]. The current study investigated the role of chatbot
applications within the surgical care pathway and found that
they offer utility across all stages of perioperative care, particu-
larly in education, personalized support, symptom monitoring,
follow-up assessments and clinic communication. Patient sat-
isfaction was consistently high (60.1-82.0%), though engage-
ment rates varied (37.0-83.2%). Chatbots demonstrated high
accuracy in symptom identification (98.5%), but were less so in
responding appropriately to patient queries (79.0%). They also
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contributed to a reduction in healthcare personnel workload,
saving 9.3-39.0 hours per 100 patients. While evidence on clin-
ical outcomes remains limited to individual studies, chatbots
were associated with reduced opioid use, pain, preoperative
anxiety, and readmissions.

Across the examples of chatbots integrated into the sur-
gical setting thus far, this review identified a predominance of
hybrid chatbots. Hybrid frameworks integrate structured dia-
logue systems for interaction management with NLP for both
enhanced language understanding and ML for predictive analy-
sis and learning capabilities. This combination enables the pro-
cessing of unstructured data, while maintaining predictability,
adaptability, and flexibility, suggesting the suitability of hybrid
chatbots in addressing the specific, dynamic needs of surgical
support [40]. These systems utilize rule-based logic to deliver
surgery- and surgeon-specific information, while leveraging
Al-driven adaptability to personalize patient interactions with
responses informed by prior conversations, sentiment analysis,
and real-time user input. This enables the delivery of precise,
procedure-specific instructions while also recognizing varia-
tions in patient variations in patient inquiries, allowing for more
natural and interactive engagement [41]. Some approaches,
such as that employed by Rainey et al. are further augmented
by therapy videos and personalized video messages from pro-
viders, reflecting opportunities for customization beyond surgi-
cal information and integration of multimedia components to
improve patient comprehension and engagement [35,36].

Additionally, many of the chatbots included in this review
performed several functions simultaneously, highlighting their
multifaceted perioperative roles. Beyond delivering surgical
information and answering patient queries in real time, hybrid
chatbots also solicited feedback through automated calls, facili-
tated follow-up appointments, and improved overall clinic com-
munication. Additionally, their ML-driven predictive capabilities
allowed them to perform relevant functions independently of
conversations directly initiated by patients to monitor patient
symptoms, conduct follow-up assessments, and predict early
complications. These advanced Al-driven capabilities differ from
the more elementary rule-based systems and frame-based sys-
tems, which can only deliver pre-programmed responses based
on fixed decision trees, lacking the ability to independently
assess patient status and interpret unstructured user inquiries.

However, while hybrid chatbots enhance adaptability
compared to purely rule- and frame-based models, they still
operate within predefined structures and learning parame-
ters, which may limit their ability to handle complex, nuanced,
or unforeseen patient inquiries. This presents an opportunity
to integrate more advanced Al models, such as generative Al,
to enhance chatbot functionality and responsiveness. Unlike
hybrid systems, generative Al-driven chatbots may allow for
more fluid, adaptive, and personalized interactions beyond
predefined frameworks, informed by much broader knowl-
edge and evidence bases [42]. As such, generative Al models
may enable chatbots to better understand open-ended
patient concerns and provide more refined, natural, and con-
text-responses mirroring the communication style of health-
care providers [43,44]. Future research may prioritize the
integration of generative Al into existing chatbot frameworks
to improve patient-centered, personalized interactions. This
could include adapting content based on individual patient
demographics, surgical procedures, health literacy levels,
and emotional tone. By leveraging generative models, chat-
bots can provide tailored education, answer context-specific
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questions, and reference surgeon- or procedure-specific infor-
mation in real time, ultimately strengthening relevance and
engagement throughout the perioperative process. However,
barriers relating to the accuracy, safety, validity and reliability
of LLMs, such as ChatGPT and Google Gemini, warrants fur-
ther investigation as generative Al is also prone to bias and
“hallucinations,” where LLMS may fabricate information or cite
non-existent sources [43].

Beyond refining chatbot models, future efforts may seek
opportunities to expand the deployment of chatbots across
the entire perioperative timeline, with tailored functionalities
at different timepoints. In this review, the majority of chatbots
were deployed in the postoperative phase, with only 16.7% of
studies integrating them both pre-and postoperatively [35,36].
In these applications, chatbots provided information pre- and
postoperatively and allowed patients to interact with the chat-
bot throughout for support. This demonstrates that employ-
ment throughout the entire perioperative pathway may further
optimize comprehensive surgical care, providing preoperative
education, intraoperative updates, and postoperative recovery
support. Additionally, to maximize their impact and accessibil-
ity, further research may explore the integration of chatbots into
mobile health (mHealth) applications. While only two studies
in this review delivered the chatbot within a mobile app, they
reported high engagement, compliance, retention, and satis-
faction, presenting an opportunity to consolidate chatbot func-
tionalities into a single, accessible digital health platform [28,29].
The integration of chatbots within mHealth apps have been
piloted as seen with the BalanceUp App, a smartphone-based
coaching intervention aimed to improve the mental well-
being of individuals experiencing frequent headaches [45]. The
app features a chat-based interface for communicating with
the conversational agent, audio-guided relaxation exercises,
animated psychoeducational videos, informative schematics,
and frequently asked questions, and was found to improved
well-being, and perceived stress. In the context of perioper-
ative support, a mobile app could serve as a centralized hub,
not only delivering chatbot-driven support, but also presenting
surgery-specific information in a multimedia format, integrating
patient engagement features, and incorporating health data
such as physical activity tracking, sleep monitoring, nutritional
guidance and stress management.

While chatbots offer promising applications in the surgical
pathway, several challenges must be addressed to facilitate
their successful development, implementation and widespread
adoption. Designing and deploying a customizable chatbot
with multiple functionalities requires significant resources with
multidisciplinary effort from developers, clinicians and health-
care institutions. Additionally, ensuring that chatbots effectively
meet patient needs necessitates thorough patient and commu-
nity needs assessments, which can be complex and resource-
intensive, but necessary to improve usability and foster patient
buy-in and sustained engagement. However, achieving high
patient engagement can be challenging, particularly if patients
perceive chatbots as impersonable, lacking reliability, and con-
veying information at an advanced reading level. As concerns
remain for safety, clinical oversight, and reliability of guidance,
establishing clear protocols for accuracy, clinical validity and
data security is essential to effectively detect complications and
avoid misinformation. In particular, the protection of patient pri-
vacy and personal health information would benefit from being
prioritized, especially as chatbot technologies increasingly
interface with electronic health records and other sensitive data
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systems. Addressing these challenges through rigorous evalua-
tion, continuous refinement and strategic integration into exist-
ing healthcare frameworks will be essential for maximizing the
impact of chatbots in chatbots in surgical care.

This systematic review is subject to several limitations. First,
the number of included studies was constrained by the lim-
ited research on perioperative chatbot deployment, reflecting
the early-stage exploration of this technology in surgical care.
Several of the included studies were feasibility trials or con-
ference abstracts, demonstrating the novelty of perioperative
chatbots and the need for more robust, large-scale investiga-
tions. Outcome measures across were also heterogeneous,
ranging from patient-reported clinical outcomes to chatbot
performance metrics and operational feasibility. This variabil-
ity limited the ability to synthesize findings and conduct a
meta-analysis, reducing the generalizability of conclusions. The
lack of standardized clinical endpoints also makes it difficult to
compare intervention effectiveness across contexts or to draw
definitive conclusions about chatbot impact on surgical out-
comes. Future research can prioritize standardized outcome
reporting to enhance comparability across studies and include
extended follow-up periods to assess the long-term effective-
ness and sustainability of chatbot interventions. Establishing
consistent clinical and usability metrics will facilitate more rig-
orous reviews, ultimately guiding the development and opti-
mization of chatbot interventions in surgical care. Lastly, while
a quarter of the included studies were rated as concerning
for serious risk of bias, potentially limiting the strength of our
overall conclusions, key outcomes related to satisfaction, cost-
effectiveness, and accuracy were generally consistent across
studies, regardless of bias level. Nevertheless, future investiga-
tions employing more rigorous methodologies are needed to
validate and expand upon these findings.

5. CONCLUSION

The systematic review performed within this study demon-
strated that chatbots are being widely implemented in the
perioperative context largely providing surgical information,
symptom management and tracking, rehabilitation guidance,
complication monitoring, and follow-up assessments. Overall,
our findings demonstrate high patient satisfaction and engage-
ment, while improving cost-effectiveness and safety in periop-
erative care. They also have the potential to reduce healthcare
personnel workload and improve opioid use, pain, anxiety,
and readmissions. While further research is needed to validate
these findings across larger studies, the integration of chatbots
whether—rule-based, frame-based, hybrid, or generative Al—
represents a promising avenue forimproving surgical outcomes,
postoperative monitoring, and the patient experience.
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((chatbot[Title/Abstract] OR “conversational agent”[Title/Abstract]) AND (surgery[Title/Abstract] OR perioperative[Title/Abstract] OR
“surgical patients”[Title/Abstract]) AND (intervention[Title/Abstract] OR implementation[Title/Abstract] OR applied[Title/Abstract] OR

outcome(Title/Abstract]))

EMBASE
(chatbot:ti,ab OR “conversational agent”:ti,ab) AND

(surgery:ti,ab OR perioperative:ti,ab OR “surgical patients”:ti,ab) AND

(intervention:ti,ab OR implementation:ti,ab OR applied:ti,ab OR outcome:ti,ab)

Cochrane

(chatbot OR “conversational agent”) AND

(surgery OR perioperative OR “surgical patients”) AND
(intervention OR implementation OR applied OR outcome)

Google Scholar

“chatbot” AND (“surgical patients” OR “perioperative care”) AND (“implementation” OR “outcomes”) AND “intervention”

Supplementary Figure 1 Search strategies for systematic review.

Calculation of time reduction and cost estimates in Meinert et al. [34]

Standard Care:
Total average cost per patient = £46.96
Total cost for 100 patients: 100 patients x £46.96 = £4696.00

Average hourly rate for staff (F2F) =83 + 120 + 52 + 122 + 52 + 626 = £81.83 / hr

Total hours spent in standard care for 100 patients = £4696£81.83 = 57.38 hrs

Dora R1 Pathway:
Total average cost per patient is £11.78
For 100 patients: 100 x £11.78 = £1178.00

Average staff hourly rate (F2F): 83 + 120 + 52 + 122 + 525 =85.5/ hr

Total call time for 100 patients: (100 patients x 10 min) / 60 minutes = 16.7 hours

Total cost for telephone follow-up (per patient) = £568.33 / 55 patients = £10.33 per patient

Total cost for telephone follow-up (for 100 patients) = £10.33 x 100 patients = £1033.33

Total cost of 100 patients using Dora R1 - total cost of telephone follow-up for 100 patients = £1178-

£1033.33 = £145.16 (F2F cost)

Total cost of F2F for 100 patientsaverage staff hourly rate (F2F) = £145.16£85.5 = 1.7 hrs (F2F) per 100

patients

Total time for Dora R1 for 100 patients = 1.7 hrs (F2F) + 16.7 hrs (telephone follow-ups) = 18.4 hrs

Time saved from using Dora R1 for 100 patients = 57.4 hrs - 18.4 hrs = 39.0 hours

Supplementary Figure 2 Calculation of time reduction and cost estimates. This figure presents the step-by-step calculations used
to estimate the total time reduction per 100 patients in the chatbot described in Meinert et al. [34].
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Supplementary Figure 3 Traffic light plot of risk bias in included studies using ROBINS-I tool (Risk of Bias in Non-randomized

Studies-of Interventions).
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