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Abstract
Purpose: To evaluate the utility of CataractBot, an LLM (Large Language Model)-powered chatbot that provides doctor-
verified answers to patient questions about cataract surgery. We examine its use by both end-users (patients and atten-
dants) and medical experts.
Methods: A 24-week study was conducted to evaluate CataractBot among patients, their attendants, doctors, and
patient coordinators. The bot responded instantly to questions by querying a knowledge base curated by medical profes-
sionals. Each response was asynchronously verified by an ophthalmologist (for medical questions) or a patient coordin-
ator (for logistical questions), and their edits contributed to updating the knowledge base, thereby minimizing future
expert intervention. A mixed-methods analysis was conducted on interaction logs, including patient and attendant ques-
tions, chatbot answers, and expert verifications.
Results: A total of 318 patients and attendants sent 1,992 messages, and LLM-generated answers were verified by five
doctors and two coordinators. Questions asked pre-surgery were significantly more than post-surgery (p < 0.001).
Participants asked significantly more medical than logistical questions (t309 = 7.3, p < 0.001). Doctors rated 84.5% of
CataractBot’s answers to medical questions as accurate and complete. Their edits, which mainly involved adding informa-
tion, increased the acceptance of the bot’s answers by 19.0% over time.
Conclusion: CataractBot was predominantly used to address medical questions. It incorporated expert corrections to
improve its answers and reduce the experts’ bot-related workload over time. This study highlights the potential of
LLM-powered chatbots to support patient-provider communication in ophthalmology.
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Introduction
Since their advent in late 2022, Large Language Models
(LLMs) have experienced rapid and widespread adoption.
OpenAI’s ChatGPT, for instance, surpassed 100 million
users within two months of its launch, making it the fastest-
growing consumer application in history.1 The success of
LLMs is largely attributed to their ease of use, ability to under-
stand natural language, and extensive knowledge base, enab-
ling them to answer a broad range of questions effectively.2

In healthcare, LLMs have been applied in various
domains, including addressing patient queries,3–6 diagno-
sis,7–9 processing electronic health records,10 summarizing

radiology reports,11 and even training healthcare provi-
ders.12,13 For instance, researchers found that ChatGPT pro-
vided accurate and reliable information in most cases when
answering questions about pediatric ophthalmology,
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strabismus, and glaucoma.3,4 However, despite their utility,
LLMs have limitations, including hallucinating information,
providing incomplete or outdated responses, struggling with
complex questions, and exhibiting inconsistencies.12,14–16

Such issues are concerning especially in healthcare, where
accuracy and trustworthiness are critical.

To address these concerns, researchers introduced ‘Build
Your Own expert Bot’ (BYOeB), an open-source platform
for developing expert-in-the-loop, LLM-powered chatbots.17

The platform’s first application was CataractBot,18 a
WhatsApp-based chatbot designed to help patients and their
attendants with queries related to cataract surgery. Unlike
generic LLM-powered chatbots, CataractBot relied on
expert verification for all LLM-generated responses, with
doctors reviewing medical answers and patient coordinators
handling logistical ones. Expert-provided edits were used to
update the custom knowledge base to minimize future expert
intervention. A small-scale pilot deployment was previously
conducted18 with 55 users, relying on interview-based meth-
ods, which can give rise to participant bias.19

In our work, we extend prior research by conducting a
large-scale, in-the-wild deployment study of CataractBot.
We investigate the hypothesis that CataractBot can support
communication between cataract patients and healthcare
providers. Specifically, we examine these research ques-
tions: How did the CataractBot system perform in terms
of the quality of LLM-generated responses and the expert
verification process? How did end-users (patients and atten-
dants) and experts (doctors and patient coordinators) inter-
act with CataractBot?

Methods
A cross-sectional longitudinal study was conducted
between December 2023 - May 2024 at Sankara Eye
Hospital, Bengaluru, India, which serves patients from
diverse linguistic, educational, and technical backgrounds.
Approval from the Scientific and Ethics Committees was
obtained prior to the study, and informed consent was
obtained from each patient in accordance with the tenets
of the Declaration of Helsinki.

As per hospital protocol, once a patient opts for cataract
surgery based on a doctor’s recommendation, the patient
and their attendant meet with a patient coordinator. The coord-
inator schedules the surgery and provides guidance on pre-
and post-operative measures. At the end of this interaction,
the coordinator assessed the patient’s eligibility for
CataractBot based on these criteria: aged 18 or above, fluent
in one of the five languages supported by CataractBot
(English, Hindi, Kannada, Tamil, or Telugu), and scheduled
for surgery with one of the four operating doctors. If these con-
ditions were met, the coordinator introduced CataractBot to
address their surgery-related queries. Upon obtaining consent,
the coordinator filled a web-based onboarding form.
Post-onboarding, participants were instructed to ask a trial

question, and the coordinator briefly explained the chatbot’s
icons and expert verification system. Additionally, participants
received reminder messages on WhatsApp at 4pm on five
specific days–the day after onboarding, the day before
surgery, the surgery day, the day after surgery, and five days
post-surgery–reinforcing CataractBot’s availability for
surgery-related questions.

CataractBot system
The features of CataractBot have been previously described
in detail;18 a summary is provided here (Figure 1).
CataractBot supports three interaction modalities: text,
speech, and tap. For every voice message, CataractBot pro-
vides both a text and an audio response. After each
response, the bot suggests three follow-up questions ran-
domly generated by an LLM, enabling users to tap and con-
tinue the conversation. Upon receiving a message,
CataractBot classifies it into one of three categories–med-
ical question (e.g., post-surgery care), logistical question
(e.g., scheduling), or small-talk (e.g., “Hello”)–and
responds in real-time. For medical and logistical questions,
the bot strictly employs the knowledge base curated by the
hospital to generate an appropriate response, which is
marked as unverified. If the knowledge base lacks an
answer, CataractBot provides a template “I don’t know”
response. For small-talk messages, it provides correspond-
ing small-talk responses.

For each medical question, the operating doctor (Table 1)
receives a message containing the question asked,
CataractBot’s response, and patient’s demographics. The doc-
tor is asked, “Is the answer accurate and complete?” with three
options: ‘Yes’, ‘No’, or ‘Send to Patient Coordinator’.
Selecting ‘Yes’ notifies the patient that the answer has been
verified. Selecting ‘No’ alerts the patient to await a corrected
response. The doctor is asked to provide a correction in free-
form text, which CataractBot automatically combines with
the bot’s initial answer to create a new response, delivered to
the patient. If a question is misclassified, i.e., a logistical ques-
tion is sent to the doctor, they can select ‘Send to Patient
Coordinator’. (Note: Classification errors were rare, with only
9 questions misclassified; therefore, we excluded them from
our analysis.) Patient coordinators follow a similar workflow,
verifying and correcting responses for logistical questions.

Edits provided by experts (cataract surgeons and patient
coordinators) were used to update the knowledge base,
increasing the likelihood of future ‘Yes’ responses from
experts. A senior cataract surgeon, serving as the ‘knowledge
base expert’ (Table 1), reviewed and selected expert-verified
question-answer pairs for inclusion in the knowledge base.

Data analysis
Data entry was conducted using Microsoft Excel with
coded variables. Statistical analysis was performed using
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Statistical Package for Social Sciences (SPSS-24, IBM).
Quantitative analysis included descriptive statistics, t-tests,
and (RM-)ANOVAs with checks for normality. A qualita-
tive thematic analysis was conducted through open-coding
by a single researcher. As a result, inter-rater agreement was
not applicable. The analysis covered patient questions,
CataractBot’s responses, and expert edits made by both
the operating experts and the knowledge base update expert.
For all statistical tests, a p-value less than 0.05 was consid-
ered statistically significant.

Results
Although 550 individuals were onboarded to CataractBot,
318 (57.8%) sent at least one message, forming the partici-
pant set.i This group included 154 patients and 164 atten-
dants, comprising a total of 271 patient-attendant pairs. A
notable demographic difference was that attendants were
generally younger, more fluent in English, and better edu-
cated compared to patients (Table 2). Additionally, the
study involved five doctors (four operating doctors and
one as knowledge base update expert) and two patient coor-
dinators. Our dataset comprised 1,992 messages sent by

patients and attendants, with LLM-generated answers veri-
fied by experts.

System performance
Most LLM-generated responses were found to be accurate
and complete for both medical (84.5%) and logistical
(69.5%) questions, excluding those without expert verifica-
tion (Table 3). Corrections were provided for 187 (14.8%)
medical and 114 (28.1%) logistical answers. On average,
the chatbot responded in 9.3±4.9 seconds. CataractBot pro-
vided an “I don’t know” response for 9.3% of medical ques-
tions and 23.3% logistical questions. Further manual analysis
revealed that 37.5% of these responses resulted from gaps in
the knowledge base, while 29.4% were due to patient-specific
questions that required access to patient’s medical records.
Over the 24-week study, as the knowledge base was updated,
the proportion of “I don’t know” responses decreased by
7.8% (Figure 2(a)), and the number of LLM-generated
answers marked as ‘accurate and complete’ by experts
increased by 19.0%. Manual analysis identified hallucinated
content–defined as information not present in the retrieved
documents20 in only five answers (0.3%).

Figure 1. Overview of CataractBot features, stakeholder workflows, and component interactions.
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Patient and attendant interaction
Participants asked significantly more medical questions
(4.1±5.6 questions/participant) compared to logistical ques-
tions (1.7±2.2 questions/participant) (t309 = 7.3, p < 0.001).
This confirms that CataractBotwas primarily used for med-
ical concerns. The most common medical questions related
to ‘Post-surgery dos and don’ts’ (11.5% of messages),

‘Medication’ (7.4%), and ‘Surgery preparation’ (6.4%).

Among logistical questions, the top three were ‘Surgery
schedule’ (12.0%), ‘Hospital contact number’ (5.3%), and

‘Appointment scheduling’ (4.4%).
A one-way RM-ANOVA of interaction modalities found

a significant difference (F2,618 = 66.7, p < 0.001), with

text (3.2±3.6) being the most used modality, significantly

Table 1. Stakeholders and their roles in the CataractBot socio-technical system.

Stakeholder Role

End-user Patient Person scheduled for cataract surgery.
Asks CataractBot surgery-related questions.

Attendant Person accompanying the patient (e.g., child of the patient).
Asks CataractBot surgery-related questions.

Expert Doctor Operating Doctor Surgeon scheduled to operate on the patient.
Verifies CataractBot’s answers to users’ medical questions.

Knowledge Base
Expert

Senior surgeon. Selects and edits verified answers for addition to
CataractBot’s knowledge base.

Patient
Coordinator

Operating
Coordinator

Liaison between patients/attendants and operating doctors.
Verifies CataractBot’s answers to users’ logistical questions.

Table 2. Demography and usage details of study participants.

Data collected Patients (n=154) Attendants (n=164)

Age (years) 63.8±9.7 37.9±10.7

Gender, n (%) 73 female (47.4%) 46 female (29.8%)

Education, n (%)

22 ≤ Grade 10 (14.3%)
18 Grade 12 (11.7%)
49 Bachelors (31.8%)
10 Masters (6.5%)
55 Unknown (35.7%)

6 ≤ Grade 10 (3.7%)
4 Grade 12 (2.4%)
25 Bachelors (27.4%)
47 Masters (28.7%)
1 PhD (0.6%)
61 Unknown (37.2%)

Language, n (%)

120 English (77.9%)
11 Kannada (7.1%)
10 Hindi (6.5%)
7 Tamil (4.5%)
6 Telugu (3.9%)

148 English (90.2%)
7 Kannada (4.3%)
3 Hindi (1.8%)
2 Tamil (1.2%)
4 Telugu (2.4%)

Message Type, n (%)
653 Medical (62.4%)
272 Logistical (26.0%)
121 Small-talk (11.6%)

615 Medical (65.0%)
257 Logistical (27.2%)
74 Small-talk (7.8%)

Message Modality, n (%)
618 Text (59.1%)
357 Tap (34.1%)
71 Audio (6.8%)

544 Text (57.5%)
379 Tap (40.1%)
23 Audio (2.4%)

Message Language, n (%)

878 English (83.9%)
39 Kannada (3.7%)
46 Hindi (4.4%)
59 Tamil (5.6%)
24 Telugu (2.3%)

850 English (89.9%)
23 Kannada (2.4%)
18 Hindi (1.9%)
15 Tamil (1.6%)
40 Telugu (4.2%)
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more than taps (2.4±4.4) and speech (0.3±1.1) (p < 0.01).
Taps were also preferred over speech (p < 0.001).

Regarding temporal trends, the highest number of ques-
tions were asked on the day before surgery (Figure 2(b, c)),
particularly logistical questions (38.2%) related to the next
day’s schedule. Medical questions were distributed more
evenly across the pre- and post-surgery periods, primarily
within 7 days (±3 day) of surgery (Figure 2(b)). In contrast,
logistical questions were concentrated within 3 days (±1
day) of surgery, peaking sharply on the day before surgery
(Figure 2(c)). Questions asked pre-surgery (2.7±3.2 ques-
tions/participant) were significantly more than post-surgery
(1.2±2.8) and on-surgery (0.9±2.0) (p < 0.001).

Although no statistically significant correlation was found
between the day of the week and the number of questions
asked, Saturday had the highest query volume. This may
be attributed to Saturday being a working day for medical
staff but a holiday for most patients and attendants, allowing
end-users more time at home to engage with the chatbot.
Time-of-day analysis indicated a significant effect on the
number of questions (F3,918 = 9.0, p < 0.001). Participants
asked significantly more questions in the evening 3pm-6pm
(1.9±2.7) compared to the afternoon 11am-2pm (1.2±2.3)
and night 7pm-10pm (1.0±2.6) (p < 0.01). This evening
peak aligns with the CataractBot’s 4pm reminder message.

No significant difference was found in the number of
questions asked by males and females. However, education
level showed a marginally significant effect: participants
with a Bachelor’s degree or higher asked more questions
(6.2±0.5 questions/participant) than those with 12th grade
education or below (4.3±0.8) (t197 = 1.9, p = 0.06).
Additionally, no significant differences were observed
across different languages, supporting the decision to offer
multilingual functionality.

Expert interaction
Of the 1797 bot-generated answers reviewed by experts,
75.0% were marked as ‘Yes’ for being ‘accurate and com-
plete’, while 17.8% were marked as ‘No’, with nearly half
(45.5%) being “I don’t know” responses (Table 3).
Experts more often marked logistical responses as incorrect
(30.5%) compared to medical responses (15.5%), primarily
due to patient-specific logistical questions (19.9%). In con-
trast, only 9.4% of incorrect answers pertained to patient-
specific medical questions. The bot lacked access to
patient’s health records, limiting its ability to provide case-
specific guidance. Also, patient-specific corrections could
not be added to the knowledge base as they were not univer-
sally applicable.

A thematic analysis of expert corrections revealed nine
distinct types, with the top four described here. First, the
most frequent correction type was ‘Adding new informa-
tion’ for both medical (65.9%) and logistical (30.5%) ques-
tions, wherein experts addressed gaps in the bot’s
knowledge. It contributed to resolving 49.3% of “I don’t
know” responses. Second, experts performed ‘Factual cor-
rections’ more frequently for medical answers (7.8%) than
logistical answers (2.1%). These medical corrections often
reflected expert-specific preferences rather than outright
inaccuracies. Third, experts included ‘Clarifying questions’
in 9.4% of corrections, primarily because 22.4% of the bot’s
“I don’t know” responses resulted from unclear or incomplete
questions. Fourth, experts responded with ‘Redirection’
(4.2%), wherein experts recommended patients to visit the
hospital for further evaluation.

The knowledge base update expert reviewed the experts’
corrections, and 73.5% were approved for inclusion in the
knowledge base. Of these, 49.7% were accepted without

Table 3. Summary statistics of LLM-generated responses, verification and edits by experts (doctors and coordinators), and acceptance
and edits by the knowledge base expert.

LLM response Expert verification and edit Knowledge base expert edit

Medical:
1268 (63.6%)

Valid Ans: 1150 (90.7%)
Yes: 1033 (89.8%).
No: 112 (10.8%), Edit Dist: 44.7%.
Ignored: 5 (0.4%).

Yes (without edit): 47 (42.0%).
Yes (with edit): 31 (27.7%), Edit Dist: 25.3%.
No: 14 (12.5%). Ignored: 20 (17.8%).

IDK: 118 (9.3%)
Yes: 32 (27.1%).
No: 83 (70.3%), Edit Dist: 75.4%.
Ignored: 3 (2.6%).

Yes (without edit): 30 (36.2%).
Yes (without edit): 30 (36.2%).
No: 22 (26.5%). Ignored: 9 (10.8%).

Logistical:
529 (26.6%)

Valid Ans:
406 (76.7%)

Yes: 266 (65.5%).
No: 62 (15.3%), Edit Dist: 57.7%.
Ignored: 78 (19.2%).

Yes (without edit): 11 (17.7%).
Yes (with edit): 14 (22.6%), Edit Dist: 63.2%.
No: 25 (40.3%). Ignored: 12 (19.4%).

IDK:123 (23.3%)
Yes: 16 (13.0%).
No: 62 (50.4%), Edit Dist: 70.3%.
Ignored: 45 (36.6%).

Yes (without edit): 6 (9.7%).
Yes (with edit): 28 (45.2%), Edit Dist: 70.3%.
No: 25 (40.3%). Ignored: 3 (4.8%).

Small-talk:
195 (9.8%)

NA
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modifications. For the rest, we identified two key types of
edits. First, the most frequent modification was ‘Adding
new information’ (78.9%). Second, in 13.3% of cases, the
update expert ‘Generalized information’ by replacing spe-
cific dates, times, or staff names, with broadly applicable
terms relevant to all patients. These findings highlight the
iterative nature of expert involvement in refining the bot’s
responses.

Discussion
Prior studies have investigated the role of chatbots in
responding to patient questions in ophthalmology.3–6,21–26

To mitigate the risks of errors, hallucinations, and
bias12,14 in AI, recently, a human-AI collaboration approach
was proposed with CataractBot,18 where LLM-generated
answers to healthcare queries were verified by experts.
That study18 included a small-scale pilot with 55 users. In
this work, we strengthen and expand their findings by con-
ducting a large-scale, in-the-wild 24-week deployment
study of CataractBot with 318 patients and attendants,
examining its use and performance in a real clinical setting.

We present several novel findings. First, while the original
study18 observed that attendants, being younger and tech-
savvy, asked more questions than patients, we found no sig-
nificant difference in the number of questions asked between
the two groups. This suggests that the bot was equally access-
ible to all users and its WhatsApp-based interface engaged

older patients effectively. Second, contrary to the earlier
study’s hypothesis that less educated, non-english speak-
ers would prefer audio messages in Indic languages,18

we found audio to be the least preferred modality across
user groups. Moreover, we found no significant correlation
between language choice and modality, or between educa-
tion level and modality, suggesting significant scope for
improvements in translation and transcription technolo-
gies to improve accessibility. Third, we found the highest
number of both medical and logistical questions were
asked on the day before surgery, rather than on the day
of surgery as earlier reported.18 This highlights the import-
ance of pre-surgery informational support, especially
where direct access to hospital staff may be limited.
Finally, we contribute a qualitative analysis of expert edits
to CataractBot’s responses, revealing that most correc-
tions involved adding new information, with repetitions
and contradictions emerging as the knowledge base
expanded. Below, we discuss design implications for
LLM-powered doctors-in-the-loop chatbots.

Patients and attendants often sought similar types of infor-
mation at specific times relative to their surgery date. For
future deployments of similar informational chatbots, we rec-
ommend proactively engaging with different end-users via
push notifications at key moments, delivering relevant infor-
mation based on observed information-seeking behaviour.
This approach could replace vanilla reminder messages and
potentially improve user engagement.

Figure 2. (A) Distribution of accurate and ’I don’t know’ responses by CataractBot. (B) and (C) Distribution of medical and logistical
questions asked by patients and attendants relative to the day of surgery.
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We observed that chatbot conversations often failed due
to unclear or incomplete questions, leading to “I don’t
know” responses, and causing experts to struggle with pro-
viding answers without additional context or follow-up
information. To address this issue, future bots should
incorporate mechanisms to identify ambiguous queries,
potentially using a Small Language Model to minimize
cost and latency. Such bots should then facilitate multi-turn
conversations to gather necessary clarifications or enable
users to build complex queries, before relaying the
exchange to an expert for verification. Additionally,
CataractBot currently considers only the last two queries
when generating responses. Prior work2 highlights the ben-
efits of integrating long-term conversational history into
LLM systems, enabling proactive follow-ups and perso-
nalized recommendations. However, incorporating a
long conversation history is challenging due to token lim-
itations in LLM inputs. As an alternative, generating con-
versational summaries could be explored to retain context
efficiently.

Our deployment revealed instances where different
answers to similar questions were added to the knowledge
base. This inconsistency led to varying responses for
patients, as CataractBot generated answers based on three
selected data chunks from the knowledge base. To address
this issue, we recommend that knowledge base update
experts have a structured overview of existing content before
adding new content, ensuring consistency and reducing
redundancy. Additionally, previously rejected questions
should not be resubmitted to the update expert. We also
noticed that these discrepancies in responses often stemmed
from differences in individual doctors’ recommendations. To
avoid contradictions, we suggest creating doctor-specific par-
titions within the knowledge base, enabling doctors to pro-
vide personalized recommendations while maintaining
overall coherence. This decentralization of knowledge base
control would reduce the burden on a single update expert
and democratize such doctor-in-the-loop systems to accom-
modate diverse medical opinions.

This study has a few limitations. First, the reliance on
manual explanations from patient coordinators may have
contributed to some onboarded participants not engaging
with the bot, resulting in their exclusion from the study.
Also, the accuracy of participant data, such as phone num-
bers, could not be ensured during onboarding. Second, this
study lacks a comparative baseline and a control group,
which limits our ability to comprehensively evaluate
CataractBot’s impact on patient satisfaction and the work-
load of healthcare professionals compared to existing patient
support methods. Further randomized controlled trials with a
larger sample size may provide more practical results.

In conclusion, CataractBot serves as a 24/7, accessible
resource, providing cataract patients with expert-verified
answers with minimal addition to ophthalmologists’ work-
load. The bot accurately classified questions, generated

responses, and incorporated expert corrections. Over time,
experts rated an increasing proportion of its answers as
accurate and complete, demonstrating the system’s ability
to improve through iterative updates. While LLM-based
systems are not designed to replace human ophthalmolo-
gists, they hold potential to augment their work by enhan-
cing patient education and streamlining communication
under appropriate supervision. We hope these insights
will inform the design and development of LLM-powered
doctor-in-loop chatbots in the field of ophthalmology and
beyond.
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Note
i. Among the remaining 232 individuals, there were 86 unique

patient-attendant pairs in which neither person used the bot.
For all other cases, at least one member of the pair–either the
patient or the attendant–used the bot to ask one or more ques-
tions. No significant demographic differences were observed
between users and non-users of the bot.
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