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Abstract

Behavioral health conditions, which include mental health
and substance use disorders, are the leading disease burden
in the United States. Peer-run behavioral health organiza-
tions (PROs) critically assist individuals facing these condi-
tions by combining mental health services with assistance for
needs such as income, employment, and housing. However,
limited funds and staffing make it difficult for PROs to ad-
dress all service user needs. To assist peer providers at PROs
with their day-to-day tasks, we introduce PEERCOPILOT,
a large language model (LLM)-powered assistant that helps
peer providers create wellness plans, construct step-by-step
goals, and locate organizational resources to support these
goals. PEERCOPILOT ensures information reliability through
a retrieval-augmented generation pipeline backed by a large
database of over 1,300 vetted resources. We conducted human
evaluations with 15 peer providers and 6 service users and
found that over 90% of users supported using PEERCOPILOT.
Moreover, we demonstrate that PEERCOPILOT provides more
reliable and specific information than a baseline LLM. PEER-
COPILOT is now used by a group of 5-10 peer providers at
a leading PRO serving over 10,000 service users, and we are
actively expanding PEERCOPILOT’s use. '

1 Introduction

Behavioral health conditions, including mental health and
substance use disorders, are the leading disease burden in the
United States, costing over $80 billion annually (Kamal et al.
2017). Peer-run behavioral health organizations, referred
to as PROs, address this critical issue in difficult-to-engage
communities facing disproportionately high rates of poverty,
unemployment, and housing instability (Kadakia et al. 2022;
Correll et al. 2022). PROs tackle these issues through peer
providers, who leverage their personal behavioral health ex-
periences to provide service users with wellness support
and resources for housing, financial, and employment re-
sources (Ostrow and Hayes 2015).

While service user demands grow year-to-year, PRO
capacity has not kept up, leading to overburdened peer
providers (Wall et al. 2022). Increases in the prevalence of
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substance use and mental health disorders have led to growing
service user demands (Counts and Nuzum 2022). At the same
time, many PROs are underfunded, limiting their ability to
train and hire new peer providers, which becomes especially
pressing due to high burnout rates for peer providers (Ostrow
and Leaf 2014).

To support PROS, we propose using large language mod-
els (LLMs) as an assistant to peer providers. LLMs have
had success in other domains as a tool for information re-
trieval (Wang et al. 2024b; Agarwal et al. 2024; Liang, Yang,
and Myers 2024). As a result, LLMs present a promising
opportunity for PROs by potentially helping peer providers
craft tailored wellness plans and synthesize location-specific
resources. By assisting peer providers, LLMs can increase
PRO capacity and service user capacity. At the same time,
while LLM-based assistants are prevalent (Liang, Yang, and
Myers 2024), LLMs are rarely, if ever, used in PROs because
many peer providers lack familiarity with LLMs. These chal-
lenges necessitate a human-centered development process
when introducing LLMs.

In this paper, we introduce PEERCOPILOT, an LLM-
based tool that assists peer providers with crafting wellness
plans and retrieving resources. We developed PEERCOPI-
LOT in partnership with a leading PRO from the Northeast
United States. After conversations with the PRO, we designed
PEERCOPILOT to assist with common tasks faced by peer
providers, such as wellness plan creation, goal construction,
resource recommendation, and benefit navigation. In our
discussions, peer providers also stressed the need for reliable
information when working with LLMs, so PEERCOPILOT
ensures information reliability by combining an LLM-based
backend with trusted resources through techniques such as
retrieval augmented generation (RAG). We evaluated PEER-
CoPILOT through 3 onsite demos, 2 annotation sessions, and
1 semi-structured interview, totaling 15 peer providers and 6
service users. Through our onsite demos, we show that peer
providers and service users are willing to use PEERCOPILOT,
and through our annotation sessions, we find that PEERCOPI-
LOT provides more reliable and specific information than a
baseline LLM. Our work is preliminarily deployed to a group
of peer providers, who use PEERCOPILOT in their daily op-
erations, and two other PROs have reached out as a result of
our initial deployment.



2 Related Works

LLMs to Support Behavioral Health Professionals
While there has been little work on LLMs in a behavioral
health context, LLMs have seen great success in a variety of
related fields, including education (Liu et al. 2024b; Rouzegar
and Makrehchi 2024; Rodriguez, Jafari, and Ormerod 2019),
social science (Mou et al. 2024; Ye et al. 2024; Ziems et al.
2024), and mental health (Lai et al. 2023; Liu et al. 2023;
Beredo and Ong 2022; Crasto et al. 2021). Within behavioral
health, most related are work in mental health on simulating
patients (Wang et al. 2024a; Louie et al. 2024) and work
on using Al to answer substance use questions (Giorgi et al.
2024). Unlike traditional mental health applications, which
are often clinically focused, PROs emphasize holistic well-
ness through housing, employment, and financial stability
alongside behavioral health.

Copilot Tools LILM-based copilot tools are used in do-
mains such as software (Pudari and Ernst 2023; Jaworski and
Piotrkowski 2023), retail (Furmakiewicz et al. 2024), and
health (Ren et al. 2024). Copilot tools improve productivity
by providing templates that scaffold development (Ziegler
et al. 2024). However, copilot tools could reduce critical
thinking skills and induce dependence (Lee et al. 2025). In
light of this, we develop PEERCOPILOT as a way to pro-
vide peer providers with extra resources, thereby augmenting
rather than replacing them.

3 System Design

We develop PEERCOPILOT as a web-based chatbot which
peer providers can interact with and ask questions to. PEER-
COPILOT combines an LLM backend with modules that rely
on verified information sources to ensure reliability. We
describe the overall backend before describing individual
modules.

3.1 Backend Structure

After receiving a peer provider’s input, PEERCOPILOT crafts
a response by aggregating information from modules. PEER-
COPILOT relies on four modules: resource recommendation,
benefit eligibility, goal construction, and question generation.
After receiving outputs from all modules, PEERCOPILOT
queries GPT-4 to craft a response using the information from
each module. We instruct PEERCOPILOT to construct a re-
sponse that holistically addresses the service user’s situation
following the eight dimensions of wellness framework used
at our partner PRO to guide peer providers (Swarbrick 2006).

3.2 Backend Modules

Resource Recommendation The resource recommenda-
tion module combines a resource database with RAG to ensure
information reliability. Our database has over 1300 resources
vetted by peer providers at our partner PRO. Given a ser-
vice user’s background and goals, we use GPT-4 to extract
resource needs, then match these with resource descriptions
in the database via RAG (Lewis et al. 2020). RAG matches
embeddings for resource needs with database entries. We
construct embeddings using a SentenceTransformer with the
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Figure 1: We surveyed peer providers on the usability of
PEERCOPILOT. All peer providers found PEERCOPILOT
simple and are willing to use it in practice.

MPNet v2 model (Song et al. 2020), and retrieve according
to the L2 metric.

Benefit Navigation Government benefits, such as Supple-
mentary Social Income (SSI) and Medicaid, involve complex
inclusion criteria, making it difficult to determine eligibility.
Relying on GPT-4 for benefit eligibility can result in outdated
or incorrect information. Instead, in the benefit eligibility
module, we first use GPT-4 to extract demographic informa-
tion such as age, monthly income, and total savings. We then
pass this to formulas that assess eligibility given demographic
information. These formulas are manually translated from
eligibility information on government websites (e.g., Admin-
istration et al. (2024)), and can be updated as requirements
change. This results in an assessment of whether a service
user is likely to be eligible for each benefit.

Goal Construction & Question Generation Peer
providers need to offer support and construct plans tailored
to service user situations. To assist with this, the goal
construction module presents immediate goals for the service
user, broken down into actionable steps. We construct goals
by prompting GPT-4 with the SMART (Specific, Measurable,
Achievable, Realistic, and Timely) goals framework (Doran
1981), as recommended by our partners at the PRO. The
question generation module suggests follow-up questions for
peer providers to ask service users. It does so by prompting
GPT-4 to craft follow-up questions and additionally prompts
with information on the dimensions of wellness (Swarbrick
20006) to ensure follow-up questions are holistic. Examples
include “Do you have a stable place to stay?” and “Do you
have transportation?”

4 PEERCOPILOT Evaluation

We evaluated PEERCOPILOT through human studies with
peer providers and service users and found that both would
use PEERCOPILOT in peer support sessions. We also find
that PEERCOPILOT delivers more reliable and specific infor-
mation than a GPT-4 baseline.
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Figure 2: Peer providers find that PEERCOPILOT generates better questions, recommends better resources, and crafts better
goals compared to a baseline. This is because the modules ensure information reliability and specificity.

4.1 On-site Human Evaluations

To assess PEERCOPILOT, we conducted an on-site study with
nine peer providers and six service users. Participants interact
with PEERCOPILOT and baseline GPT-4 in random order to
explore scenarios. We constructed nine diverse scenarios
capturing different types of situations faced by service users
in reality; we further detail these scenarios in Appendix A.
Participants then completed two surveys: one for system
usability and another to compare PEERCOPILOT and the
baseline (details in Appendix A). We include service user
results in Appendix B. While we focus on results comparing
against baseline GPT-40 mini, in Appendix E, we detail our
comparisons against other LLMs through the LLM-as-judge
framework.

Peer providers are willing to use PEERCOPILOT In Fig-
ure 1, we find all peer providers are willing to use PEERCOPI-
LOT in practice. Peer providers find PEERCOPILOT simple
to use, and 8 out of 9 peer providers believe that PEERCOPI-
LOT delivers useful information for their queries. One peer
provider remarks “how we can develop a realistic plan. I love
that...how it’s breaking it down by dimension.” Another peer
provider said how PEERCOPILOT can assist peer providers:
“I found that PeerCoPilot’s follow-up questions and prompts
would be crucial for a service provider to continue to assist
someone in creating their wellness plan.”

PEERCOPILOT delivers more reliable and specific re-
sources In Figure 2, we show that 4 out of 9 peer providers
believe PEERCOPILOT delivers better resources, while only
1 out of 9 believe the baseline does. PEERCOPILOT delivers
more reliable and specific information because it builds on
top of a trusted database. Peer providers notice this difference,
as one remarks “PeerCoPilot gives me a little more informa-
tion and gives me a hyperlink to a website.” Peer providers
also found PEERCOPILOT specific, with one noting that it
was “really interesting how specific PeerCoPilot is...insane

that it gave the birth certificate requirements.” Conversely,
for the baseline, one peer provider stated that they “noticed
that some of the links weren’t usable or did not go to the
specific webpage.”

6 out of 9 peer providers prefer PEERCOPILOT for goal
construction and question generation (Figure 2) Peer
providers found PEERCOPILOT’s SMART goals framework
useful; one peer provider remarks “Having the framework of
the SMART goal can make PeerCoPilot much better” because
it “spells [the goal] out” Peer providers also liked PEER-
CoPi1LOT’s follow-up questions: “Those generated questions
are so important to continue moving those steps forward
while providing that think tank process or opportunity of Am
I prepared? What else do I need to do?”

4.2 Reliability and Specificity

To understand whether PEERCOPILOT recommends more
reliable and specific resources, we conducted an annotation
study comparing resources from PEERCOPILOT and the base-
line. We annotated resources according to whether correct
contact information is present and resource specificity. Addi-
tionally, two experts annotated resources based on usefulness,
based on whether peer providers would recommend the re-
source; details in Appendix C.

Our annotation results mirror the human evaluation, as
PEERCOPILOT delivers more reliable and specific resources
than the baseline (Table 1). PEERCOPILOT delivered re-
sources that are 33% more specific and 79% more likely
to provide contact info, while never giving inaccurate links.
PEERCOPILOT identified more specific resources and more
reliably provides correct contact information. Additionally,
PEERCOPILOT delivered resources verified by our partner
PRO peer providers 92% of the time, compared to 48% for the
baseline. When comparing the quality of resources across the
two scenarios, we find that PEERCOPILOT delivered higher
quality resources for scenario 1 (which focuses on health)
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Figure 3: We outline three themes from our sessions with peer providers: 1) PEERCOPILOT provides useful information and
peer providers are willing to use it, 2) PEERCOPILOT provides reliable and specific information, and 3) PEERCOPILOT provides

better goals and questions than the baseline.

Table 1: PEERCOPILOT provides contact information more frequently and provides more specific resources. When the underlying
database is well populated (scen. 1), PEERCOPILOT achieves high effectiveness scores.

Option Contact Provided Bad Link Verified Specificity Scen. 1 Scen 2.
PEERCOPILOT 100% 0% 92%  4.5/5 4.5/5 3.7/5
Baseline 56% 11% 48%  3.4/5 4.1/5 4.4/5

while the baseline delivered higher quality resources for sce-
nario 2 (which focuses on housing). PEERCOPILOT per-
formed better in scenario 1 because the underlying database
is better populated for health-related resources than housing-
related ones. We compare the resources generated by each
tool for two scenarios: the first scenario focuses on phys-
ical health, while the second scenario focuses on housing.
This discrepancy underscores the benefits and drawbacks of
relying on a verified database; when the database is well-
populated (such as scenario 1), PEERCOPILOT delivers ef-
fective resources, while sparsely-populated databases (such
as scenario 2) lead to poor performance. Expanding the
underlying database can help ensure comprehensiveness.

4.3 Preliminary study on Peer
provider-PEERCOPILOT Teaming
We conducted a pilot human-Al teaming study to assess

PEERCOPILOT’s ability to help peer providers create well-
ness plans. We assessed the completion time and quality

for wellness plans completed with and without PEERCOPI-
LOT. We show PEERCOPILOT reduced completion time by
10% while leading to wellness plans better tailored to service
user situations (details in Appendix D). Our study demon-
strates the positive impact PEERCOPILOT can have when
peer providers use it in practice.

5 Conclusion

PROs experience staffing shortages and low-tech solutions,
inhibiting their ability to assist service users. To tackle this,
we present PEERCOPILOT, an LLM-based tool that assists
peer providers at PROs. PEERCOPILOT combines trusted re-
sources with an LLM backend to ensure information reliabil-
ity. Through human evaluations with 15 peer providers and 6
service users, we find that both groups would use PEERCOPI-
LOT. We find that PEERCOPILOT provides more reliable and
specific information than a baseline LLM. A group of peer
providers at our partner PRO use PEERCOPILOT regularly,
and we working to expand this.
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Ethics Statement

We conduct all user studies under IRB. For each study, we
first receive informed consent from participants through a
consent form. Through this form, we verify that participants
are 18 years or older. We recruit participants from our part-
nering PRO. After each study, we pay participants $60 per
session. If a participant participates in multiple sessions, then
we pay $60 for each session. We store all data in a private,
secured location that is password protected. We store de-
identified information to maintain the privacy of participants.
We additionally pay all participants $60 for each session and
sessions last around an hour. For all sessions, we receive
informed consent from participants and have them fill out a
consent and a demographic form. All data is stored privately,
and we remove all personally identifiable information. We
develop PEERCOPILOT in cooperation with peer providers
and service users to augment peer provider capabilities rather
than replace them.

A Human Study Details

During our evaluation in Section 4, we have participants in-
teract with either PeerCoPilot or GPT-4 for ten minutes. The
baseline is GPT-40 mini instructed with the following prompt:
You are a Co-Pilot tool for a peer-peer mental health organi-
zation. Please provide helpful responses to the client. Peer-
CoPilot uses GPT-40 mini whenever using a backend LLM.
For each version, we keep the frontend the same, and blind
participants to which tool they’re interacting with by labeling
them as ‘Option A’ and ‘Option B.” After each interaction, we
have participants fill out a usability form, where we ask ques-
tions inspired by the system usability scale (Brooke 1996).
In particular, we ask four question: 1) I found the tool simple
to use, 2) I felt the tool gave enough information without
being too much, 3) I think the tool delivers useful responses
for my questions, 4) I would like to use this tool in my daily
workflow. We have participants answer each question on a
scale from strongly disagree to strongly agree. After inter-
action with both tools, we have participants compare their
interaction with each along seven dimensions in Figure 2.
1) Proactively generating questions to ask service users 2)
Providing resources that match the service user’s needs 3)
Suggesting next steps for the service user to meet immediate
goals 4) Constructing actionable goals for service users 5)
Providing comprehensive information on benefit systems (if
applicable) 6) Holistically considering multiple dimensions
of wellness and 7) Overall preference For the session with
service users, we have them compare the tools according to
all criteria except the fist (question generation). We instruct
participants to say aloud any thoughts they had during the
study:

Our goal is to evaluate an Al-based tool that assists peer
specialists like you with supporting service users. For an
overview of this study, we will first briefly go over the
tool and give a quick demonstration. Second, we will
present a scenario and have you interact with the tool as
if you were working with a service user facing such a
situation. We will have you interact with two different
versions of the tool. Our goal is to understand whether
such a tool is useful and which version works best for
you, so pay attention to any differences between the two
versions. After interacting with each version, we will
ask a set of both structured and open-ended questions to
get your feedback. But feel free to share your thoughts
at any time during this study.

We construct a set of scenarios for peer providers and
service users to interact with. We conduct these scenarios in
tandem with an expert in social work and PROs. We construct
a draft scenario by initially instructing ChatGPT to construct
a scenario by sampling values for the following: disability,
substance use, gender, location, age, government benefits,
employment, ID, immigration status, incarceration status, and
needs. We then manually edit these scenarios and discard
scenarios that are too similar. We end up with nine scenarios
which tackle a variety of issues. We present one such scenario
below:
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I Strongly agree
Somewhat agree
Neither agree nor disagree

Somewhat disagree
I Strong disagree

Figure 4: All service users find PeerCoPilot simple and
providing useful responses. All service users support peer
providers using PeerCoPilot in practice.

A 19-year-old undocumented male immigrant in New
Brunswick, NJ, is living in temporary housing while
working a construction job. He is without ID and seeks
help with stabilizing his housing situation, accessing
legal resources for immigration support, and improv-
ing financial wellness. While undiagnosed, his experi-
ences/challenges are consistent with PTSD and he has a
marked trauma history.

For sessions with peer providers, we assign two different
scenarios when working with the baseline and with PeerCoPi-
lot. For service users, we give them two scenarios for each
tool, and let them select the scenario that best matches their
situation.

B PeerCoPilot Service User Evaluation

For our sessions with service users, we find that all service
are strongly in favor of peer providers using this tool (Fig-
ure 4). Moreover, with service users, we find that all service
users view our tool as easy to use and that it provides useful
responses. Taken with Figure 1, we find that both service
users and peer providers are heavily in favor of using our tool
for peer sessions.

Comparing between versions of the tool was more difficult
for the service user evaluation due to language barriers which
necessitated some user evaluations to be conducted with a
translator. We summarize our results in Figure 5, and find
that service users tend to prefer the GPT-4 baseline due to
its simplicity. service users were generally unable to distin-
guish between the two tools or between the different criteria
due to the language barriers. While service users enjoyed
working with PeerCoPilot, we caution against generalizing
the comparison results due to language difficulties.

C Resource Evaluation Details

We provide further details on the evaluation in Section 4.2.
We generate resources for PeerCoPilot and the baseline by
first querying the scenario and then providing an additional
prompt to retrieve further resources: “Can you provide spe-
cific resources for this scenario.” We present two example
scenarios below:

Resources -JIN

Next Steps-
Goals_
Benefits_

Wellness Dimensions_
Overall_

0 20 40 60 80

>—‘I I I
o

0

B PeerCoPilot was much better Baseline was somewhat better
PeerCoPilot was somewhat better B Baseline was much better
About the same

Figure 5: Service users prefer the baseline because of its
simplicity, as it provides less information compared to Peer-
CoPilot. We note that some of these results were conducted
using a translator, casting doubt on their results.

Scenario 1: A 38-year-old woman in Paterson, NJ is
actively seeking physical therapy services to help her
regain mobility and potentially return to full-time em-
ployment, but has limited knowledge about providers
in her area. She has been living with her family for
several months due to a physical disability that limits
her ability to work full-time. She has a part-time job but
cannot afford her medical expenses and is increasingly
concerned about the sustainability of her current living
situation.

Scenario 2: A 60-year-old man in Newark is currently
unhoused and staying in a temporary shelter after losing
his job. He has a long history of alcohol use disorder
and is in recovery, but he’s worried about his future
housing stability. His main concern right now is finding
permanent housing. He is struggling to find a place
that will accept him due to his past, and he needs help
connecting to local housing programs that can provide
him with a long-term solution. Please provide resources
for permanent housing.

For annotation, we assess according to the following crite-
ria:

1. Specificity - Rate each resource on a 1-5 scale, where 5
refers to a resource that can be used directly, with a spe-
cific department or location mentioned for the resource at
hand, while 1 refers to a resource that either does not exist
or is a general purpose resource without being tailored
towards the scenario at hand.

2. Usefulness - Rate each resource on a 1-5 scale, where
5 refers to a resource that an experienced peer provider
would recommend for the scenario at hand, while 1 refers
to a resource that no peer provider would recommend for
the scenario at hand.

3. Usability - Rate each resource based on whether it pro-
vides correct contact details for each of the following
modalities: a) address, b) phone number, and c) website.

We evaluate the specificity and usability using a single an-
notator, while we annotate the usefulness using expert peer
provider annotators.
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Figure 6: All LLM judges agree that PeerCoPilot produces
better follow-up questions and sets better goals than the base-
line. Moreover, Llama and GPT view PeerCoPilot as finding
better resources and being better overall.

D Human-AlI Team Evaluation Details

We recruited three peer providers and had them construct
wellness plans for four scenarios, two with the assistance of
PeerCoPilot and two using other non-PeerCoPilot resources.
For each pair, we measure the time to completion and quality
of the wellness plan. We measure quality through a semi-
structured interview with an expert peer provider, where we
have the peer provider compare different wellness responses.
We give each peer provider at most 15 minutes to complete
the wellness plan, and we instruct peer providers to complete
wellness plans with 2-3 goals, 2-3 resources + next steps, and
2-3 follow-up questions.

Without PeerCoPilot, peer providers take 10:20 to com-
plete wellness plans, while with PeerCoPilot, we find that
peer providers take 9:25. Moreover, we find that PeerCoPi-
lot can improve the quality of wellness plans. For example,
during our semi-structured interview, the evaluator noted that
the “PeerCoPilot is more geared towards what scenarios
is looking for” In one scenario, the evaluator praised the
combination of peer providers and PeerCoPilot for suggest-
ing vocational rehabilitation (VR) and noted that “lots of
people don’t know about it”, and “if PeerCoPilot brought
it up, then that’s good.” The evaluator consistently noted
that the inclusion of PeerCoPilot improved the specificity
of the wellness plan, independent of the peer provider who
completed it. Taken together, through our human-AlI teaming
evaluation, we find that PeerCoPilot can allow peer providers
to complete wellness plans quicker and with higher quality.

E Automatic Evaluation Details

To complement our human evaluations, we use the LLM-as-
judge framework (Zheng et al. 2023) to evaluate PeerCoPilot.
We replicate the human evaluation study from Section 4 and
have LLLMs compare the output from PeerCoPilot and the
baseline. We blind LLMs to which option is which, and we
evaluate using the same nine scenarios from Section 4. We
use the following LL.Ms as judges: GPT-40 Mini (Achiam
et al. 2023), Llama 70B turbo (Touvron et al. 2023), and
DeepSeek V3 (Liu et al. 2024a), and compare them using the
same criteria from Section 4.

In Figure 6, PeerCoPilot performs best at generating ques-
tions and setting goals across judges. Additionally, GPT
and Llama find PeerCoPilot better overall, with improved
performance compared to baselines in resource generation,
next-step suggestions, and holistic wellness recommenda-
tions. While LLM-as-judge introduces an additional element
of unreliability, we find that both human and LLM results
consistently note that PeerCoPilot constructs better goals and
generates better questions.

F PeerCoPilot Prompt Details

We provide some of the prompts used for creating PeerCoPi-
lot. PeerCoPilot stitches together modules through the fol-
lowing prompt:

You are a smart ChatBot that helps clients
with their wellbeing. You will guide center
service users along the different axes of wellness:
emotional, physical, occupational, social, spiritual,
intellectual, environmental, and financial We will
provide both a 1list of SmartGoals and potential
resources, info on benefits, along with with a series
of questions. The user will provide a situation,
some Smart Goals, questions about the situation, and
resources Please respond to the user using this
information; you do not need to include all the
information, just select what you think is most
important. Only present information relevant to the
user’s situation. We need you to be concise yet
thorough; you’re chatting with the user, and you
can always ask what they want more details on before
providing the details Be thorough with the follow-up
questions, and detail what situations this advice
might work under Pretend this is a normal chat with
a user; don’t present everything at once, but maybe
one thing for this response (and provide others in
later responses) When presenting goals, align these
explicitly along the dimensions of wellness When
presenting resources, use only the resources that are
provided by the user; don’t try and make anything up,
but use the things provided Address everything in the
third person; it’s not the center service user who
is asking these, but someone who is asking on behalf
of them You will be provided resources on some subset
of transgender people, peer-to-peer support, crisis
situations, and human trafficking/trauma. Please
provide specific resources and outline SMART (Specific,
Measurable, Achievable, Realistic, and Timely) goals



in detail.
We construct goals through the following prompt: You
are a smart ChatBot that helps clients with

their wellbeing. You will guide center
service wusers along the different axes of
wellness: emotional, physical, occupational,

social, spiritual, intellectual, environmental,
and financial Provide SMART goals (Specific,
Measurable, Achievable, Realistic, and Timely)
tailored to the center service user’s needs. Try
to be thorough

Additionally, we construct follow-up questions through
the following prompt: You are a smart ChatBot
that’s associated that helps clients with
their wellbeing. You will guide center
service users along the different axes of
wellness: emotional, physical, occupational,
social, spiritual, intellectual, environmental,
and financial Provide questions, such as details
on their location and their situation, which
can help better assist the center service
user. Include explanations for why the
question is important, and make sure you provide
sufficient details about the questions and their
explanations.

The baseline operates through the following prompt: You
are a Co-Pilot tool for a peer-led mental health
organization. Please provide helpful responses
to the client.



