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Background: The quality of interactions between healthcare providers (HCPs) 

and recipients of care (ROC) are important for assessing HIV vulnerability and 

determining PrEP eligibility. However, these conversations are often limited 

because of high HCP workload and time constraints. Conversational agents 

powered by large language models (LLM) offer a promising solution to 

support such interactions. We explored the potential of an LLM-powered app 

prototype “Your Choice” to engage people who have recently tested HIV 

negative in discussions on HIV prevention and PrEP.

Objective: We assessed usability, acceptability, feasibility and appropriateness 

of the LLM-powered app prototype “Your Choice” in identifying HIV 

vulnerability and summarizing relevant information to support HCPs in 

designing personalised HIV prevention plans.

Methods: Using a human-centred design (HCD) approach, we co-developed 

the “Your Choice” app. Between August 2023 and March 2024, we 

conducted surveys with ROCs and HCPs following app use. We also analysed 

app-user interactions for themes and content patterns. Quantitative data 

were analysed descriptively; qualitative data underwent content analysis.

Results: We enrolled a total of 150 participants (130 ROC + 20 HCPs). Among 

the ROCs, most were male (77/130; 59.2%) and aged 18–34 years (93/130; 

71.5%). ROCs rated the app highly acceptable and appropriate (AIM and IAM 

scores >4.9/5), with excellent usability scale scores (SUS >92/100, indicating 

exceptional usability). HCPs (n = 16) experienced in PrEP service delivery 

reviewed the summaries and the interactions with ROC from the app. In the 

pre-evaluation survey, only one expressed concern about trusting technology 

(1/16; 6.3%) and two thirds preferred their own judgement for ROC care (11/ 

16; 68.8%). HCPs rated the app with a high usability scale score (SUS 78/100, 

indicating good usability). The app fostered open, stigma-free discussions on 

sex, sexuality, and HIV prevention.
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Conclusion: An LLM-powered conversational agent like “Your Choice” shows 

promise for private, stigma-free HIV prevention support, including PrEP uptake, 

supporting the decision-making around PrEP initiation. It can also help 

providers deliver more targeted care. Future research should address 

technological trust and clinical integration.
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Introduction

To optimise diagnosis, treatment, and ongoing care, 

healthcare providers (HCPs) and recipients of care (ROCs) need 

to exchange appropriate and accurate information (1, 2). 

Health-related information is often sensitive, and sharing 

necessitates empathy, compassion, and mutual trust between 

HCP and ROC (2–4). Yet, fostering these conversations can be 

difficult for multiple reasons, including high patient loads, 

limited time, and complex, sensitive subject matter (5, 6). In 

South Africa, all three reasons are relevant, given HCP shortages 

in the public sector and the high HIV prevalence in the 

population (3, 4, 7). Without supportive HCP-ROC interactions, 

ROC may feel afraid, ashamed, or unwilling to communicate 

necessary information about their health behaviours, needs, 

concerns, and preferences (8–11). Strategies for bridging this 

communication gap between ROCs and HCPs are critical to the 

success of patient-centred care.

Artificial intelligence (AI) has the potential to help bridge this 

gap (8, 9, 11). One approach is leveraging generative AI tools, 

specifically Large Language Models (LLMs), which have 

demonstrated a remarkable ability to answer questions, 

summarise, and provide information (12–15). Given their 

demonstrated capacity for empathy (16, 17) in recent research, 

LLMs could serve as conversational agents to enhance 

communication between HCP and ROC through personalised, 

empathetic conversations.

Research on attitudes and preferences regarding AI and its 

capabilities for empathetic communication has shown varied 

results (18, 19). While some studies show HCPs are preferred 

over AI conversational agents (20, 21), another study suggests 

AI conversational agents could offer more empathetic responses 

than human providers (22). Although the potential benefits of 

AI use in healthcare are promising, more evidence supporting 

its potential impact in resource-constrained settings is needed 

(23–25). To date, most studies have predominantly focused on 

higher resource settings, addressing conditions prevalent in 

these environments (26–29). Concerns have been raised about 

the ability of AI conversational agents to fully capture the 

nuances of healthcare systems, access barriers, and cultural 

norms in settings like South Africa (30) and the potential 

impact of these limitations on patient care requires careful 

examination. Before questions on scalability or health outcomes 

can be addressed, we must demonstrate proof of concept with a 

prototype showing that it works in principle, is safe, 

appropriate, and acceptable. In this research, we assessed the 

usability, acceptability, feasibility, and appropriateness of an 

LLM conversational agent for HIV vulnerability screening, 

information provision, and counselling.

South Africa, with its large HIV programme, constrained 

human resources, and high smartphone penetration, represents 

a context where AI counselling tools could both be impactful 

and feasibly implemented (31, 32).

While South Africa’s HIV treatment program has substantially 

increased life expectancy, the epidemic persists (31); achieving 

control requires expanding access to effective HIV prevention 

(33, 34). ROCs that test HIV negative are candidates for various 

HIV prevention modalities. One of the most effective being oral 

daily PrEP, which is offered free at the point of care within the 

South African primary health care system (35). Increased PrEP 

uptake among vulnerable populations is important to meet HIV 

infection reduction targets (33, 34, 36). Productive discussions 

between HCP and ROC about HIV prevention are plagued by 

many barriers in the South African context. These barriers 

include the limited number of HCPs, stigma associated with 

sexual behaviour, and lack of knowledge, amongst others (37–39).

This study evaluates a generative AI intervention for HIV 

prevention in a low- and middle-income country. We co- 

designed and tested a prototype LLM-powered conversational 

agent, “Your Choice”, with ROCs and HCPs in a non-clinical 

setting in South Africa. The conversational agent was designed 

to facilitate conversations around HIV prevention, in particular 

to determine potential benefit from and readiness for HIV pre- 

exposure prophylaxis (PrEP) after a negative HIV test, and 

provide the HCP with summarised information to boost the 

performance of their in-person interaction with the ROC.

Methods

Between August and October 2023, we enrolled the initial 100 

participants in our ROC study to test our initial text-only LLM- 

powered counselling prototype in a non-clinical setting. The 

final 30 ROC participants were enrolled between January and 

March 2024 to evaluate the second LLM-powered app prototype 

that included text-to-audio and audio-to-text features. HCP 

participants were enrolled between 20 September and 20 

November 2023 and reviewed output based on the first 

prototype only. The LLM-powered app was assessed for 
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usability, acceptability, and appropriateness among ROCs. In 

addition to these assessments, HCPs evaluated its feasibility.

Intervention: LLM-powered conversational 
agent

We developed a conversational agent powered by an LLM to 

act as an intermediary between ROCs and HCPs. Traditionally, 

HCPs interact directly with the ROCs to obtain their personal 

context to advise on HIV prevention. It was designed to 

improve the efficiency of this HCP-ROC interaction by giving 

the HCP some preliminary data to guide the conversation (see 

Supplementary Appendix 1 for design details). The 

conversational agent was named “Your Choice” (Your Own 

Unique Risk Calculation for HIV-related Outcomes and 

Infections using a Chat Engine) and was designed to elicit key 

data points based on South Africa’s PrEP guidelines to assess 

vulnerability to HIV acquisition and provide HCPs with an 

assessment of whether the client would benefit from a specific 

HIV prevention modality (40).

“Your Choice” was accessed via an Android mobile app. Its 

design and functionality were guided by South Africa’s PrEP 

guidelines (40), HIV service policies, and informal interviews 

with stakeholders involved in PrEP service delivery. A human- 

centred design approach was central to the prototyping process. 

Prompts were rigorously tested across two LLM models 

(ChatGPT and Claude AI), with the most effective 

configurations selected to ensure efficient conversation 

summarisation and smooth app performance. Techniques were 

also employed to minimise background processing and 

optimise prompts.

Continuous refinement of the LLM-powered conversational 

agent was conducted during user testing, incorporating rapid 

feedback to improve user experience. After the initial 100 ROCs 

interacted with the app, a second prototype was released to 

address specific feedback, including enhancing accessibility for 

users with limited literacy through text-to-audio and audio-to- 

text features. This iterative process ensured the LLM-powered 

conversational agent was better aligned with the needs of the 

study population.

Study design, setting, population, and 
sample

This was an exploratory study to inform the design and 

evaluation of the LLM-powered conversational agent. The 

project was a collaboration between a non-profit AI health 

technology company (Audere) and a behavioural science nudge 

unit (Indlela@HE2RO), combining technical, behavioural 

science, and human-centred design (HCD) expertise. This 

approach ensured that the voices of users (ROCs and HCPs) 

were central to the development of this tool.

The study was conducted in Gauteng Province, South Africa, 

using participants (ROCs and HCPs) who had enrolled in the 

Behavioural Hub (B-Hub) (41). The B-Hub is an existing 

research panel that has enrolled a large cohort of community 

members to participate in low-risk, rapid, formative research.

Since this was an exploratory study, a formal sample size 

calculation was not conducted, and a convenience sample of 150 

(130 ROCs using 100 v1 & 30 using v2 – and 20 HCPs) was 

considered appropriate. All participants were adults (>18 years 

old), willing to provide written informed consent, and 

comfortable consenting and communicating in English. This 

was done because all study materials and the “Your Choice” 

conversational agent were available only in English. English 

proficiency was required to ensure that participants could 

understand study procedures and engage meaningfully with the 

tool during the usability assessment. In addition, ROC 

participants were HIV-negative (self-reported) at initial B-Hub 

enrolment, and HCPs were licensed to prescribe PrEP and had 

prescribed PrEP within the last 6 months. ROC participants 

were purposely sampled to ensure representation from 

vulnerable populations at increased risk of HIV acquisition, 

specifically women, adolescents, and sexual minority men (SMM).

Study procedures

Enrolment
A study team member contacted selected B-Hub members to 

explain the study, confirm eligibility, and schedule in-person 

participation at our study research office (Johannesburg, South 

Africa). On arrival at the office, participants provided written 

informed consent in a private space before data collection 

began. All interaction with the LLM-powered conversational 

agent was conducted on study mobile phones using the research 

office internet connection.

User testing: recipients of care

ROC were randomised to one of two LLMs (ChatGPT and 

Claude AI) and introduced to their respective LLM-powered 

conversational agent interface on the mobile phone. They were 

provided with a study profile (i.e., fake name, age close to their 

actual age) and instructed not to share any real personal 

identifiers (i.e., real name, date of birth, address) to protect their 

identity. Each participant was given 15 min to engage with the 

LLM-powered conversational agent and encouraged to ask 

questions on HIV vulnerability, prevention, and treatment. They 

were encouraged to be as honest as they could. Research 

assistants provided technical support. Interactions were logged 

and recorded using study profiles for anonymity. After 

interacting with the app, participants completed a 15-minute 

survey using REDcap (v14.7.2). This survey covered questions 

on the acceptability (Acceptability of Intervention Measure, 

AIM) (42), appropriateness (Intervention Appropriateness 

Measure, IAM) (42), and usability (System Usability Scale, SUS) 

of the application (43). Transcripts were generated from the 
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interactions between the LLM-powered app and the ROC 

responses that were further analysed by the research team.

Health care providers review of ROC 
transcripts

HCP participants were oriented to the LLM-powered 

conversational agent on the mobile, but the focus for the HCP 

perspective was to review the summaries generated from the 

ROC LLM-powered conversational agent interactions. A pre- 

survey was conducted using REDcap (V14.7.2) to capture 

participants’ professional experience with PrEP, technology 

preferences, comfort with new solutions, and trust in tech- 

based information. After completing this, they were provided 

with and asked to review at least two transcripts of 

conversations between a ROC and the LLM-powered 

conversational agent, along with the associated summaries 

generated from the LLM (Box 1). They completed a post- 

survey to capture acceptability (AIM), appropriateness (IAM), 

feasibility (feasibility implementation measure, FIM), and 

usability (SUS).

Data analysis

Quantitative data analysis for the ROC and HCP 
survey data

For the surveys, descriptive statistics, including percentages, 

medians, and interquartile ranges, were used to summarise the 

demographic data and scores. The Shapiro–Wilk test was used 

to assess the normality of data, and the Whitney U-test to 

compare scores between the two prototypes. All quantitative 

analysis was done using STATA 17.

Survey responses were scored according to their respective 

instrument’s scoring criteria. The acceptability (AIM), 

appropriateness (IAM), and feasibility (FIM) survey scales 

ranged from 1 to 5, with higher ratings indicating higher 

acceptability, appropriateness, and feasibility (32). Scores for 

these scales were summed per response, and the median was 

calculated. For usability (SUS), the total score is 100 and each of 

the questions weights 10 points. Final SUS scores ranged from 0 

to 100. Scores above 68.00 are considered good, and those above 

80.30 are excellent (44, 45).

We used quantitative measures to assess the interactions 

between the ROCs and the LLM-powered conversational agent. 

A single interaction is defined as a start to end conversation 

between the LLM-powered conversational agent and ROC. We 

report the average number of interactions per ROC as a 

measure of engagement or intensity.

Qualitative review of the LLM-powered app 

interactions with the ROC responses
Basic content analysis was used to identify patterns in specific 

words, themes, concepts, or recurring ideas from the interactions 

between 100 ROC and the first prototype of the LLM-powered 

app. Transcripts of the interactions were downloaded and 

imported into Nvivo version 13. Common trends in text were 

identified from the first 15 transcripts. Three study team 

members, including authors CM and RG, coded the transcripts 

and concurred on the recurring patterns and ideas. Additional 

members of the study team (SP, CCM) reviewed the remaining 

transcripts. Themes were humanising the LLM, confidence in the 

LLM, empathetic responses, sensitive information shared with the 

LLM, jargon, and colloquial language. During a roundtable 

meeting, we looked at the frequency of occurrence and 

discussed the recurrent ideas that described the interactions 

between the LLM-powered app and words that used by the 

ROC during the interactions.

Ethics approval and consent to participate

The study protocol was reviewed and approved by the ethics 

committees of the University of the Witwatersrand (211122), 

University of Pennsylvania (850305) and Boston University 

(H-42476) under the Indlela B-hub protocol. All participants 

provided written informed consent to participate in the study. 

To compensate for time and travel, participants received a 

reimbursement of ZAR 350 (≈ USD 21) following 

study participation.

Results

A total of 150 participants (n = 130 ROC; n = 20 HCP) were 

enrolled and included in the study. The sample is described in 

Table 1. ROC participants were young, the majority (71.5%) 

between 18 and 34 years old, with more than half identifying as 

male (59.00%) and unemployed (60.0%).

Of 20 HCPs, there was a complete dataset for 16 - 4 completed 

the survey, but the survey data from REDcap did not sync and was 

lost. Of the 16 HCPs, 13 (81.3%) had over 3 years’ experience in 

practice and 8 (50.0%) had over 3 years’ experience providing 

PrEP services.

BOX 1 Conversation summary example.

Summary: The patient is a 25–34-year-old male who identifies as male. His 

sexual orientation is straight. He lives in an urban area and his highest level 

of education is high school. He is currently unemployed. His first language is 

IsiZulu. He has one current sexual partner whose HIV status he does not 

know. He has had other sexual partners in the past year. He does not 

consistently use condoms. He expressed interest in PrEP as a way to protect 

himself from HIV. He experiences occasional low sex drive which causes him 

worry, but understands that relying on alcohol is not a healthy long-term 

solution. Key advice provided included consistently taking PrEP as prescribed, 

communicating openly with his partner, getting tested regularly, and 

addressing any underlying medical issues contributing to low libido through a 

healthcare provider.
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Across most demographic characteristics examined, including 

age, sex, education, employment status and location, there were no 

statistically significant differences in AIM, IAM or SUS scores. 

Differences were observed only for sexual orientation and first- 

language English status. AIM and IAM scores did not differ 

significantly by sexual orientation (p = 0.47 and p = 0.45, 

respectively), while SUS scores differed across groups (p = 0.04). 

AIM and IAM scores did not differ by first-language English 

status (p = 0.79 and p = 0.24, respectively). SUS scores showed 

borderline evidence of a difference between groups (p = 0.05) 

Table 2.

The ROC participants were allocated by the research team to 

one of two LLM-powered conversational agents with the aim of 

achieving approximately equal numbers per LLM agent: 66 

(51.0%) ChatGPT 3.5 Turbo agent and 64 (49.0%) Claude AI 

agent. Research assistants monitored enrolment numbers in real 

time and directed new participants to one or the other agent to 

maintain this balance; no formal randomisation procedure 

was used.

ROC LLM-powered conversational agent 
experience

Overall, 130 ROC interacted with a version of the LLM- 

powered conversational agent. A summary of this experience is 

presented in Table 3, where we show the results stratified by 

prototype 1 (Text only; n = 100) and prototype 2 (Audio to text 

& text to audio; n = 30). Participants engaged in more 

interactions with the LLM in prototype 2 of “Your Choice” 

compared to prototype 1, with an additional 15 interactions per 

15-minute session. Of interest, 28 out of the 30 participants 

(93.3%) used voice-to-text (converting spoken language into 

written text) at some point during their conversation, including 

9 (30.0%) who used it for the entire conversation and a further 

9 (30.0%) who used it for more than half of their interaction. 

The text-to-audio (converts the conversational agent text 

responses into spoken audio) feature was used much less 

frequently overall: only 9 participants (30.0%) used text-to-audio 

at any stage of the interaction, and none used it for the entire 

conversation, while 21 (70.0%) did not use this feature at all.

There was no statistical difference in the AIM, IAM, and SUS 

scores between the two LLM prototypes of “Your Choice” (exact 

p = 0.48, 0.67, and 0.17), respectively. Across both prototypes, 

there were high levels of acceptability, appropriateness, and 

usability by ROC.

TABLE 1 Socio-economic and demographic background of recipients of 
care (N = 130).

Characteristic Level n (%)

Age 18–24 32 (24.6%)

25–34 61 (46.9%)

35–44 25 (19.2%)

≥44 12 (9.2%)

Sex Female 52 (40.0%)

Intersex 1 (0.8%)

Male 77 (59.2%)

Education Primary School 2 (1.5%)

High School 97 (74.6%)

Tertiary 31 (23.8%)

Location Urban 91 (70.0%)

Suburban 34 (26.2%)

Rural 4 (3.1%)

Prefer not to say 1 (0.8%)

English first language Yes 38 (29.2%)

Employment status Employed 47 (36.2%)

Unemployed 78 (60.0%)

Student 4 (3.1%)

Prefer not to answer 1 (0.8%)

Sexual orientation Straight 107 (82.3%)

LGBTQ 14 (10.8%)

Not specified 9 (6.9%)

TABLE 2 Average AIM, IAM and SUS score across socio-economic and 
demographic characteristics.

Age AIM IAM SUS

18–24 4.93 4.93 93.05

25–34 4.93 4.95 95.20

35–44 4.99 4.97 93.90

>44 4.96 4.96 88.33

p-value 0.06 0.75 0.10

Sex AIM IAM SUS

Female 4.94 4.95 94.33

Intersex 4.86 5.00 97.50

Male 4.95 4.95 93.38

p-value 0.60 0.98 0.56

Education AIM IAM SUS

Primary School 5.00 5.00 96.25

High School 4.95 4.94 93.76

Tertiary 4.91 4.99 93.71

p-value 0.36 0.50 0.10

Location AIM IAM SUS

Urban 4.95 4.94 93.01

Suburban 4.94 4.98 95.81

Rural 4.93 4.94 91.25

Prefer not to say 5.00 5.00 100.00

p-value 0.86 0.92 0.30

English first language AIM IAM SUS

No 4.94 4.96 95.22

Yes 4.95 4.93 90.33

p-value 0.79 0.24 0.05

Employment Status AIM IAM SUS

Employed 4.96 4.97 93.51

Unemployed 4.93 4.94 93.59

Student 4.96 4.94 99.38

Prefer not to answer 5.00 5.00 100.00

p-value 0.80 0.79 0.44

Sexual orientation AIM IAM SUS

Straight 4.95 4.97 94.72

LGBTQ 4.91 4.86 88.04

Not specified 4.92 4.92 91.67

p-value 0.47 0.45 0.04

Bolded scores denote categories where n = 1.
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Review of the LLM-powered app and ROC 
interactions

Overall, 130 transcripts of the individual ROC conversations 

with the LLM-powered conversational agent were reviewed. We 

identified recurring patterns in the content, including 

vulnerability perception, HIV and health literacy, 

misinformation, and LLM-powered conversational agent 

relationship and trust. Examples supporting each recurrent idea 

are reported in Table 4.

Vulnerability perception
The LLM-powered conversational agent asked probing 

questions around behaviours known to increase vulnerability to 

HIV acquisition, including transactional sex, condom use, 

history of STIs, HIV status of partners, and drug use. The 

conversations were tailored to the user, with the length and 

questions specific to them.

HIV testing history
The LLM-powered conversational agent explored several 

aspects of HIV testing, including frequency, testing modality 

(self/in person), and reporting of results. These conversations 

were used to determine the participants’ self-reported HIV 

status and what they were basing that on.

HIV, PrEP, and ART literacy

Most of the topics of conversation initiated by the ROC related 

to the effectiveness, use, side effects, and drug interactions of 

various medications, specifically PrEP and antiretroviral therapy 

(ART). The LLM-powered conversational agent provided 

comprehensive, accurate information and referred them to 

healthcare providers for clinical decision-making when 

necessary. Some questions were specifically about where to 

access PrEP services. The LLM-powered conversational agent 

provided only general PrEP details; specifics on options and 

locations were unavailable because the ROC’s location was not 

collected to protect their privacy, and the underlying LLM data 

were outdated and didn’t rePect South African regulations at 

the time.

LLM response to myths and misinformation

The LLM-powered conversational agent answered most 

questions accurately, but struggled with nuance when addressing 

myths (e.g., you can get HIV from a shared bar of soap). It was 

sometimes inaccurate when global or local care guidelines 

shifted after the LLMs’ release date, as this app lacked an 

additional knowledge base, such as a RAG (retrieval augmented 

generation), and relied solely on the LLMs’ own knowledge.

LLM-powered conversational agent relationship 

and trust
There was evidence that ROC quickly formed connections 

with the LLM-powered conversational agent and confided in the 

LLM more than they would have in a typical in-person 

counselling session. Specifically, participants expressed a desire 

to continue the conversation, shared intimate details to get 

advice, and in return received empathetic, emotionally 

appropriate responses. There were a few situations where the 

LLM-powered conversational agent did not understand 

colloquial language or slang used by the ROC.

HCP LLM-powered conversational agent 
experience

While most HCPs appeared to be supportive of the use of 

technology and its application in healthcare, two thirds of HCPs 

(11/16, 68.8%) thought they knew better than technology. All 

HCPs either strongly agreed or agreed that they liked and would 

use new technology even if they had to learn new things or if it 

was different, as shown in Figure 1. HCPs reported high levels 

of acceptability (4.46, SD: 0.81), appropriateness (4.44, SD: 0.89), 

feasibility (4.48, SD: 0.73), and usability (78.44, SD:19.91) 

(Table 5).

In comparing the quantitative scores between ROC and HCPs, 

we observed that healthcare providers (HCPs) reported high but 

more moderate levels of acceptability, appropriateness, and 

usability (AIM 4.5; IAM 4.4; SUS 78.4) compared with 

recipients of care (ROCs), who rated the intervention 

substantially higher on all measures (AIM 4.94–4.96; IAM 4.95; 

SUS 92.9–96.6).

Discussion

By following an HCD approach in a non-clinical, hypothetical 

context, it was possible to develop a prototype LLM-powered 

conversational agent that demonstrated preliminary proof of 

concept that LLMs could support specific aspects of ROC–HCP 

communication and HIV-prevention counselling in resource- 

constrained settings. Specifically, we found that both ROC and 

HCP were willing to engage with the LLM-powered 

conversational agent and summaries, respectively, and rated 

TABLE 3 ROC interaction, acceptability, appropriateness, and usability of 
“your choice” N = 130.

Measure Prototype 1 
n = 100

Prototype 2 
n = 30

LLM interaction

Mean (range) 43.0 (10–133) 58.2 (19–129)

Use voice-to-text for the entire 

interaction (n)

– 9 (30.0%)

Use voice-to-text > 50% of interaction (n) – 18 (60.0%)

Some use of the read-back feature (n) – 9 (30.0%)

Acceptability, Appropriateness, and Usability of “Your Choice”

Acceptability - AIM; Mean (± SD) 4.94 (0.12) 4.96 (0.09)

Appropriateness - IAM; Mean (± SD) 4.95 (0.15) 4.95 (0.12)

Usability - SUS; Mean (± SD) 92.95 (9.7) 96.58 (5.3)

AIM/IAM scored 1–5 (higher = better); SUS scored 0–100 (higher = better; ∼68 = average; 

68–80.3 = good; ≥80.3 = excellent; ≥90.9 = “best imaginable”).
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TABLE 4 Recipients of care’s interactions with the LLM-powered counselling app.

Recurrent ideas Quotes

Vulnerability perception

Condom use LLM (Claude Instant 1): Thank you for sharing more context about your situation…. Do any of your activities involve intercourse without 

condoms? An honest answer, though private, will help determine next steps 

User: Sometimes 

LLM (Claude Instant 1): Thank you for your honesty. My role is to listen without judgement (sic) and guide you towards feeling empowered. 

There are prevention options, so please don’t feel alone.

Substance use LLM (GPT 3.5 Turbo): Thank you for sharing that you have had sexual encounters with three partners. Have you engaged in sexual activities 

under the inPuence of drugs or alcohol? 

User: Yes 

LLM (GPT 3.5 Turbo): Thank you for sharing that you have engaged in sexual activities under the inPuence of drugs or alcohol. It’s important 

to understand how substance use may affect your decision-making and risk-taking behaviours. Have you ever used drugs, such as injecting drugs 

or sharing needles? 

User: No, I don’t do drugs but alcohol yes

Multiple sex partners LLM (GPT 3.5 Turbo): Based on the information you’ve shared, I’d like to ask if you’re currently in a monogamous sexual relationship or if you 

have multiple sexual partners? 

User: I have multiple sexual partners 

LLM (GPT 3.5 Turbo): Thank you for sharing that you have multiple sexual partners. To better understand your risk of contracting HIV, could 

you please let me know if you engage in sexual activity with your partners without using condoms?

Transactional sex LLM (Claude Instant 1): Thank you for sharing that information. The fact that your partners’ statuses are negative is reassuring. To fully 

understand your risks, can you tell me what types of sexual activities you engage in? My goal is only to ensure you stay healthy and receive the 

proper guidance or treatment if needed. You may feel free not to answer any question. 

User: Sex workers

HIV testing history

Frequency of HIV testing LLM (Claude Instant 1): I see. Having multiple partners and frequent unprotected sex can increase your risk of contracting HIV. Have you been 

tested for HIV in the past 6 months? Knowing your status is important for your health and safety. Getting tested regularly is a responsible step if 

you’re sexually active. 

User: Yes, I do HIV test every three months 

LLM (Claude Instant 1): Thank you for taking the time to share with me. [..]

HIV self-testing User: Yes, I use self-testing 

LLM (GPT 3.5 Turbo): Thank you for sharing that you use self-testing for HIV. Can you please tell me the result of your last HIV test? 

User: Negative n please don’t share my status

HIV, PrEP and ART literacy

PrEP use User 1: How to use it 

LLM (GPT 3.5 Turbo): To use PrEP, you would need to take a pill called Truvada every day. It’s important to take it consistently to maintain its 

effectiveness. However, PrEP is only effective against HIV and not other sexually transmitted infections (STIs). It’s recommended to use 

condoms in addition to PrEP for comprehensive protection. Would you like more information about PrEP?

User: How long will it take for it to start functioning best from 

LLM (Claude Instant 1): [..] Most research shows that PrEP reaches maximum effectiveness after approximately 7 continuous daily doses of the 

medication, which is about one week of use.

Clinics or services User: Where can I get prep? 

LLM (GPT 3.5 Turbo): You can obtain PrEP (Pre-Exposure Prophylaxis) from various healthcare providers, such as clinics, hospitals, or private 

doctors. In South Africa, you can visit a healthcare provider who offers PrEP services….

Use in Pregnancy User: Can you take PrEP while pregnant 

LLM (GPT 3.5 Turbo): Yes, PrEP can be safe and effective for pregnant people who are at risk of HIV. It is important to consult with a 

healthcare provider who can assess your individual situation and provide guidance on the use of PrEP during pregnancy. Would you like more 

information or have any more questions about PrEP or pregnancy?

Drug Interactions User: If am taking TB treatment can I also drink the PrEP pills will it not affect my treatment 

LLM (GPT 3.5 Turbo): Some medications used to treat tuberculosis (TB) can interact with PrEP medications. It’s important to inform your 

healthcare provider about all the medications you are taking, including your TB treatment, so they can evaluate potential interactions and 

provide appropriate guidance.

LLM response to myths and misinformation

Transmission and 

infection

User: I have my sister who is HIV positive and we are sharing toiletries is it possible to infect me? 

LLM (GPT 3.5 Turbo): Sharing toiletries with someone who is living with HIV, such as toothbrushes or razors, does carry a theoretical risk of 

transmitting the virus. It is recommended to avoid sharing these personal items to minimize the potential risk of HIV transmission. To protect 

your own health, it is advisable to use your own personal hygiene items. Is there anything else you would like to discuss regarding HIV or PrEP? 

User: Is it true that blood type O they don’t get HIV? 

LLM (Claude Instant 1): There has been some research into whether blood type may impact susceptibility to HIV, but the evidence is not 

completely conclusive [..]

Pregnancy and 

breastfeeding

User: No I like to know it’s safe to us prep wild breastfeeding 

LLM (GPT 3.5 Turbo): Thank you for your question. Can you please confirm if you are currently breastfeeding? 

User: Yes, I’m breastfeeding 

LLM (GPT 3.5 Turbo): Thank you for confirming that you are currently breastfeeding. It’s important to know that PrEP is not 

recommended for use while breastfeeding, as there is a potential risk of passing the medication to the baby through breast milk. However, 

there are other options for HIV prevention that can be discussed. Have you been tested for HIV before?

(Continued) 
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their experience of using them highly. Although both groups rated 

the intervention positively, we observed differences between ROC 

and HCP scores. ROCs gave exceptionally high scores for 

acceptability, appropriateness, and usability (AIM =4.95, IAM 

=4.95, SUS 93–97), indicating a very strong user experience. 

HCP scores were comparatively lower (AIM 4.5, IAM 4.4, SUS 

78), but still in the “good” usability range and rePective of high 

acceptability and appropriateness. These differences likely rePect 

the distinct roles of ROCs as end-users and HCPs as service 

providers, who assess the tool in relation to workPow and 

clinical responsibilities. ROCs interacted directly with the 

conversational agent and appeared to derive immediate personal 

benefit, whereas HCP ratings may capture broader 

considerations such as workPow integration, feasibility, and the 

reality of using such tools in busy clinics. This difference 

underscores the importance of considering both end-user and 

provider viewpoints when assessing the implementation 

potential of LLM-powered tools.

AIM and IAM scores did not vary across demographic groups; 

the SUS findings, however, indicate small but notable differences 

in perceived usability by sexual orientation and first-language 

English status. These differences may rePect varying levels of 

familiarity with digital technologies, differing expectations, or 

variations in how easily participants interpreted the LLM’s 

responses. Usability captures aspects such as confidence, clarity 

and smoothness of interaction, which may be more sensitive to 

individual experience than acceptability or appropriateness.

Further work is needed to understand the drivers of these 

differences and to ensure that future design iterations improve 

usability across all groups. This includes examining specific 

interaction challenges, qualitatively exploring the user 

experience, and developing multilingual and culturally 

responsive system features to support equitable engagement.

An analysis of the conversations between the LLM-powered 

conversational agent and ROCs showed a high level of openness, 

with ROCs engaging in personal and intimate discussions. In 

almost all situations, the LLM-powered conversational agent 

provided accurate and appropriate responses to the ROC. Most 

instances of inaccurate or misleading responses could be traced 

back to the LLM using outdated information or failing to 

understand colloquial language.

The high acceptability, appropriateness, and usability of the 

LLM-powered conversational agent has been shown in other 

studies that have evaluated similar conversational agents (46, 

47), particularly those exploring stigmatised conditions. Our 

study was one of only a few studies (48) that focused on 

resource-limited settings and also incorporated the HCP’s 

experience and viewpoint towards technology in the delivery of 

healthcare. While our work shows that participants were open 

to the use of technology in the delivery of healthcare, it does 

TABLE 4 Continued

Recurrent ideas Quotes

Treatment and prevention User: Can a person with HIV take prep 

LLM (GPT 3.5 Turbo): Yes, a person who is already living with HIV can still take PrEP (pre-exposure prophylaxis). However, it is important to 

note that PrEP is intended for individuals who are at high risk of contracting HIV and are currently HIV negative. [..]

LLM-powered conversational agent relationship and trust

Humanising the LLM User: Thanks again it was nice talking with you 

LLM (Claude Instant 1): You’re very welcome. I’m glad we were able to have this compassionate discussion about such an important topic. [..] 

User: How I going to get u (sic) I will love to chat with you again 

LLM (Claude Instant 1): I’m afraid I’m not a real person that you can contact directly. I’m an AI assistant created by Anthropic to be helpful, 

harmless, and honest. [..]

Confidence in the LLM User: So, tell me, there is this new style of sex call rimming so I wanted to check is that thing safe to have 

LLM (GPT 3.5 Turbo): Rimming, or oral-anal contact, can carry a risk of transmitting certain infections [..] If you have any specific concerns or 

questions about rimming or other sexual activities, it’s best to consult with a healthcare provider who can provide personalised guidance.

Empathetic response LLM (Claude Instant 1): [..] Have you been tested for HIV in the past? Knowing your status can affect the discussion. Please let me know if a 

test result is something you’d like guidance on as well. 

User: No, because eish am little bit scared 

LLM (Claude Instant 1): I understand feeling scared, getting tested can bring up worries. [..] If you’d like, we can look at resources to help 

overcome fears.

Honest Conversation User: As a gay individual when it comes to using condoms we sometimes feel like it’s reducing that …. because we enjoy having sex with 

multiple partners 

LLM (GPT 3.5 Turbo): I understand that using condoms can sometimes impact the enjoyment of sexual activity…While PrEP is an effective 

tool for preventing HIV, it does not protect against other STIs

Sensitive Information User: Can I recommend PrEP to someone who was sexually assaulted? 

LLM (GPT 3.5 Turbo): If someone has experienced sexual assault, it is important to prioritize their immediate safety, well-being, and access to 

medical care. PrEP is recommended for individuals who are at ongoing high risk of contracting HIV

Jargon or colloquial 

language

User: Before having partner, I had problem of having unprotected sex sometimes and it gave me a problem of getting sexial deceis like drop 

LLM (Claude Instant 1): I understand having unprotected sex in the past could have put you at risk for HIV and other infections. It’s good that 

you’re being tested regularly now. Just to clarify - in the past year, have there been any instances where you engaged in anal or vaginal sex 

without a condom with partners whose HIV status you did not know? Accidents can happen, so knowing about any higher risk episodes would 

help determine if additional prevention like PrEP may give you peace of mind. However, it’s also fine if you prefer not to share further details. 

Either way, please remember that you deserve to feel confident and in control of your sexual health. 

User: Now I just have one partner and we not using protection, but I have a problem sometimes I’m having a rash on my private part after 

having sex with my partner what could be a problem
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not necessarily translate directly into demand for this service. 

Further work to understand the user’s preferences for these 

services will be critical.

Some research has shown that LLM-powered conversational 

agents can provide high-quality, empathetic responses to ROC 

and may be effective in providing counselling, particularly for 

stigmatised conditions (21, 46, 49). In addition to counselling, 

other studies have demonstrated their potential to provide 

health information, screen for disease vulnerability, and provide 

tailored care plans for individuals (46, 47). Much work has been 

done to understand and define empathy in the interactions 

between ROC and LLM-powered conversational agents, and 

results vary (17, 50, 51). Some studies have suggested that 

LLM’s lack empathy, the ability to understand a ROC’s 

perspective, and communicate this understanding but may 

demonstrate “cognitive” empathy (16). Recent studies on the use 

of LLM conversational agents as therapists found they may 

reinforce stigma and risk reinforcing harmful beliefs (52, 53).

The results from our work show support for the idea that an 

LLM-powered conversational agent might fill a critical gap in 

health care provision. We provide a unique focus on HIV 

prevention in settings where discussions about HIV, sex, and 

sexuality are often stigmatised and HCP time is limited. The 

ROC were able to have open and honest conversations and the 

LLM-powered conversational agent was able to provide 

empathetic responses. However, variation in the literature 

underscores the complexity of evaluating perceived empathy in 

AI systems. Differences in findings across studies may rePect 

differences in definitions and analysis, as well as individual 

preferences and contexts (50). For example, some studies assess 

“empathy” in purely functional terms, such as whether an LLM 

recognises emotions or generates supportive language that aligns 

with concepts of cognitive empathy (16). Other studies evaluate 

empathy as an inherently human emotional capacity, 

emphasizing that LLMs cannot genuinely experience emotions 

or feel with a patient (54, 55). These differing conceptual 

foundations lead to different conclusions.

Analysis may also differ. Some studies measure empathy 

through patient-reported perceptions, while others use 

FIGURE 1 

Healthcare providers’ attitudes toward adopting new technology for patient care before using the “Your Choice” app (N = 15).

TABLE 5 Healthcare providers’ ratings of acceptability, feasibility, 
appropriateness, and usability of the “your choice” intervention (N = 15).

Scale Mean (SD)

Acceptability of Intervention Measure (AIM) 4.5 (0.8)

Intervention Appropriateness Measure (IAM) 4.4 (0.9)

Feasibility of Intervention Measure (FIM) 4.5 (0.7)

System Usability Scale (SUS) 78.4 (19.9)

AIM/IAM scored 1–5 (higher = better); SUS scored 0–100 (higher = better; ∼68 = average; 

68–80.3 = good; ≥80.3 = excellent; ≥90.9 = “best imaginable”).
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behavioural coding frameworks or other evaluations of responses 

(54). These methodological differences capture distinct 

dimensions of “empathy”, resulting in differences in findings.

Different contexts also contribute to variability. Participants 

with positive expectations of AI may perceive LLM responses as 

more empathetic, whereas others may feel that LLMs cannot feel 

emotions (56, 57). Cultural norms, prior experience with HCPs 

further shape how empathy is judged. Those who have had 

negative experiences discussing sensitive information with HCPs 

may find LLMs to be more empathetic.

Differences in findings across studies may also rePect the rapid 

pace of technological improvement, since older systems quickly 

become outdated, and the fact that bespoke human-centred 

design approaches can produce more tailored and empathetic 

interactions. This highlights the importance of building 

healthcare systems and interventions that accommodate 

individual differences while keeping pace with technological 

advances. Future work should explore how contextual and 

individual differences inPuence the perceived empathy of LLMs, 

and investigate which healthcare use cases are most likely to be 

accepted and trusted by both ROCs and HCPs across 

diverse settings.

While this work highlights the enormous potential for 

improving in-person interactions with the healthcare system, it 

also has identified potential pain points. We did note instances 

where the LLM-powered conversational agent misinterpreted 

context or language, as has also been shown in other studies 

(48, 58). This raises the concern that a technology-based service 

may provide inappropriate or inaccurate information to a client. 

This argues for greater diversity (i.e., geography, language, 

context) in the training data, robust guardrails to guard against 

misinformation, and underscores the need for innovative ways 

to co-design and test LLM-powered conversational agents in the 

contexts they will be used, with the populations that will use 

them. There is also a need for ongoing monitoring to ensure 

information stays relevant and appropriate.

We did not include a comparison with traditional human 

counsellors, and therefore we cannot determine the relative 

effectiveness of an LLM-powered conversational agents 

compared to the current standard of care. While the prototype 

did exhibit occasional minor errors, it is important to note that 

there is substantial evidence that human counsellors may also 

make similar or even more serious mistakes. Without direct 

comparison, we cannot draw conclusions about relative safety or 

effectiveness. It is thus premature to interpret such errors as 

indicative of substandard performance; rather, they highlight the 

need for further empirical research to assess the comparative 

risks and benefits.

Stigma is a major barrier to the uptake of HIV services and 

can often be exacerbated by misinformation or unclear 

explanations (38, 59–61). Challenges regarding accuracy of the 

information provided by the LLM and its ability to respond in a 

way that rePects the nuances of counselling on highly sensitive, 

stigmatised matters have also been reported in other work (53, 

62, 63). Systems that can navigate these complexities have the 

opportunity for greater impact on care, missing this could 

reduce safety and equity of such systems, putting people who 

are already vulnerable at risk. Prompt engineering and ensuring 

that reliable, current and contextually relevant data sources 

augment these services could improve efficacy of these tools.

Our study points to several important directions for future 

research and practice. There is a need to ensure a minimum 

standard regarding the accuracy and appropriateness of 

information provided by the LLM-powered conversational agent 

used in healthcare. Given the variability in how clients interpret 

counselling language, it is critical to monitor for unintended 

negative effects such as reinforcing stigma or overlooking 

emotional nuance when using an LLM-powered conversational 

agent. These responses may differ even when identical phrasing 

is used, depending on the individual’s background and 

experience. To mitigate potential harm, ongoing quality 

assurance through both automated systems and human 

oversight (“human-in-the-loop” methods) is essential (53, 64, 

65). Such mechanisms can help detect and address issues early, 

supporting the safe and context-sensitive integration of LLMs 

into healthcare in resource-limited settings. Where accuracy of 

out-of-the-box commercial LLMs are not up to standard, further 

work is needed on how to ensure information provided is 

consistently accurate and safe.

One of the main attractions for using LLM-powered 

conversational agent in healthcare is its potential to increase 

equity regarding access to healthcare services. Co-designing with 

target end-users to understand their concerns and barriers to 

care is important. Factors like digital literacy, ability to read and 

write are also important considerations. With this in mind, the 

second iteration of “Your Choice” had a voice to text addition. 

We also designed the app as a mediator between HCP and 

ROC, to be used within the health setting. This would ensure 

that ROC had access to the hardware required to use the app 

when visiting a clinic, and that those who had difficulty reading 

and writing could also use the audio to text functionality. 

However, a disadvantage of conversational agents for use in 

clinical is limited private spaces to use such an app. Future 

studies should explore the use of conversational agents for 

supporting self-care outside traditional clinics, while also 

addressing the challenges that currently limit their use in 

clinic spaces.

Last, at the pace AI technology is moving, and the access 

different people have to it, research and implementation need to 

move at a pace that matches these developments.

Strengths and limitations

The first limitation is that this study was conducted in a 

controlled research environment, with participants recruited 

through the B-Hub and making use of research facility 

resources. While this may have produced more favourable 

findings than might occur under routine implementation, it was 

necessary to first establish proof of concept under stable 

conditions. There was no direct comparison with counselling 

delivered by human healthcare providers (HCPs), which limits 
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our ability to benchmark the performance of the LLM-powered 

agents against standard-of-care interactions. Future research in 

real-world settings will be important to understand how 

contextual challenges may inPuence effectiveness and impact.

While the LLM conversational agents were not used to guide 

actual clinical care, the participants were actual end users 

interacting based on their lived experience resulting in accurate, 

contextually relevant data that can provide evidence to support 

the safe implementation of such technology in clinical 

care environment.

Another limitation is that we did not specifically include key 

populations, people with disabilities, or stratification to ensure 

variation in educational and literacy levels. Although we 

included different populations who could benefit from PrEP, the 

diversity of the sample was constrained by recruitment through 

the B-Hub and the relatively small sample size. This restricts the 

generalisability of our findings, as the perspectives captured may 

not fully rePect the experiences and needs of these important 

groups. Future work should prioritise inclusion of diverse 

populations to strengthen the relevance and applicability 

of results.

The last limitation is that, even though we included a diverse 

group of individuals, they were screened appropriately for 

language comprehension, so only people with some comfort 

communicating in English were included. This was necessary as 

the LLMs could not safely communicate in the other official 

South African languages. Despite this screening only a third of 

all participants were first language English speakers, despite 

being comfortable participating in English. This suggests that 

these results rePect participants with broader language diversity 

than English only. However, the ROC sample may have been 

biased towards those with higher literacy. This may have inPated 

the perceptions of usability and acceptability which limits 

generalisability of our findings. The ability to communicate in 

languages other than English will be critical for future versions 

to ensure equitable access; particularly in South Africa, where 

there are 11 official spoken languages.

This is one of the first studies to explore the use of LLM- 

powered conversational agents for HIV service delivery. We also 

found little research on LLM-powered conversational agents in 

LMICs, and even less that apply HCD involving both ROC and 

HCP. Another major strength was the multidisciplinary 

collaboration between a behavioural science research team with 

deep expertise in HIV and health systems in Southern Africa 

and a health-tech company with cutting-edge AI and software 

engineering experience. Our use of co-creation, integrating 

technology with behavioural science, and leveraging the B-Hub 

to rapidly and ethically embed local context was a key strength.

Conclusions

The HIV prevention use case in a resource-constrained setting 

has shown that LLM-powered applications hold immense 

potential to revolutionise healthcare. They may be able to 

improve outcomes by enhancing the ROC-HCP interaction, 

optimizing the use of limited human resources, creating private 

spaces for disclosure of sensitive information, and ensuring 

empathy in responding to ROC inquiries and disclosures.

However, there are areas of concern with using commercial 

LLMs largely “out of the box”. Rapid, human-centred design, 

testing, and scalable monitoring of LLM accuracy and empathy 

are needed, along with integrating local context and care 

guidelines to match AI’s evolution. Likewise, more education 

about AI, both potential benefits and risks, research, and 

engagement with HCPs, policy makers, and local stakeholders is 

needed to ensure safe, equitable and effective use of AI, 

particularly in resource-limited settings.

In addition, lessons from this work highlight further 

considerations for scaling innovations like “Your Choice”. These 

include co-designing with potential users, embedding plans for 

scale and sustainability from the outset and throughout the 

design and research process. Leveraging existing platforms and 

creating integrated services rather than health-only or single- 

condition tools.
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