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Abstract

Background: Health disparities such as morbidity and mortality among childbearing women remain high in the United States,
especially among those with risks associated with criminal legal system involvement. These underserved women are often managed
through community supervision such as probation. They have many needs and could benefit from easily accessible mobile health
(mHealth) apps that specifically target their health and safety using artificial intelligence (AI).

Objective: The purpose of this methodological case study is to provide our detailed strategies and findings for systematically
designing, optimizing, and testing an AI chatbot.

Methods: This methodological case study used an mHealth app’s AI chatbot, JUN, that involved preliminary studies and
development efforts to support childbearing women on community supervision. We applied the Information Systems Research
framework to guide the steps on how we designed, tailored, configured, and tested the chatbot using a retrieval-augmented
generation framework. We demonstrated the feasibility of using an in-context learning approach addressing relevance, design,
and rigor cycles.

Results: During both crisis and noncrisis situations, the JUN chatbot had an overall performance of 89% accuracy (N=178) in
detecting a “crisis.” Qualitative findings displayed increased usability of JUN to manage health at night by participants. The
findings also demonstrated that the role of caregiving or current pregnancy was a motivating factor to manage health using
technology such as the JUN app. Collectively, the sample expressed that barriers to managing their health effectively were
associated with limited transportation, time off work, and insurance coverage. Participants in the community supervision group
also described that stress related to criminal legal system involvement put limitations in how they managed their health and
well-being. Altogether, participants from both groups discussed how an anonymous chat feature and app store accessibility would
enhance the usability and acceptability of JUN among users. Pregnant women used the app to manage feelings of fatigue, shortness
of breath, food cravings, anxiety, confidence, determination, frustration, excitement, happiness, hopefulness, irritation, love, as
well as acknowledgment of their own feelings. Pregnant participants on community supervision had more housing (P=.05) and
food (P=.01) insecurity, worry about electricity being turned off (P=.04), and needing resources (P=.01) compared to pregnant
women without community supervision.

Conclusions: We illustrate the methodological case study to design, optimize, and test an AI chatbot within an mHealth app to
provide health and safety-related support for childbearing women on community supervision. This methodological case study
poses possibilities for further development and testing of interventions for populations with similar risks to their health and safety.

Trial Registration: ClinicalTrials.gov NCT06636110; https://clinicaltrials.gov/ct2/show/NCT06636110
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Introduction

Theory
Mobile health (mHealth) apps, integrated within smartphones,
have the potential to be supportive of health care services [1].
A sizeable number of individuals within the United
States—approximately 98%—have access to a cellphone [2].
In fact, since 2011, smartphone ownership has risen 56%, with
9 in 10 (91%) American people owning smartphones [2].
Consequently, smartphone technology has become integrated
into the daily lives of people across the nation, with users
sending and receiving an average of 6 billion SMS text messages
per day or roughly 70,000 SMS text messages every second [1].
Because of this prevalence, the use of smartphone apps can be
considered a strategy for improving individual and community
health.

Smartphones are poised to transform health care management
to become more efficacious for preventative methods, early
detection, diagnosis, and treatment or management of a range
of health care conditions [3]. The use of mHealth apps with
longitudinal monitoring and data collection of physiological
parameters illustrates functionality that enables health behavior
and symptom tracking, access to personal or population-based
health data, medication adherence, and 2-way communication
between the user and their health care provider [4]. Moreover,
serving as a 2-way interactive communication tool, mHealth
apps can present opportunities for health care providers, in
collaboration with researchers and program developers, to
leverage existing cultural behaviors of underserved populations
[1].

Background
Advances in mHealth apps have helped health system
interventions shift from the physician-led clinic model
historically used to deliver health care services to a tailored
model of patient-centered care, which will likely allow sustained
monitoring and improve engagement, usability, and acceptability
among underserved populations [5-7]. Therefore, mHealth apps
specifically used among underserved populations must be
designed with inclusivity using validated tools to promote
engagement, retention, trust, and overall acceptability and
usability [8]. Further, enhancing mHealth app functionality with
artificial intelligence (AI) chatbots holds great promise for
improving patient outcomes and system efficiency, particularly
accessing predictive modeling and augmenting rather than
replacing clinical-led decision-making [7,9].

Successful user engagement must incorporate client choices,
preferences, and adaptive content to embrace cultural diversity
and user behavior [5,10]. In support of this notion, mHealth
tools that use AI chatbots have been adapted to access large
language models (LLMs) [9,11]. This method can introduce
specific cultural norms, using region-specific language and
nuanced community values [9,12,13]. Thus, LLMs can leverage

natural language processing to provide refined, adaptive,
human-like communication and understand multifarious queries
with precision while producing detailed, context-specific
responses [11,12,14]. However, the majority of LLM-based AI
mHealth apps offer broad guidance regarding general health
concerns unless users manually tell the app their health
information, limiting the overall effectiveness and precision in
managing complex conditions [11]. LLMs that use plain
language, which has been written or reviewed by populations
of interest, may mitigate stigma, increase health access, and
build patient trust [6,11].

Hypothesis
Underserved populations often have limited contact with health
care providers and low engagement with managing their health
due to socioeconomic constraints [6]. Health care barriers
include limited access to health insurance, high cost of medical
appointments, limited transportation or childcare, and fear of
discrimination, making traditional health care methods, such as
face-to-face in-office appointments, inaccessible [6]. At the
same time, smartphone technology has also become the primary
source for internet access for populations of lower
socioeconomic status and education level [2]. Hence,
interventions that use smartphone technology may be a
cost-effective and convenient way to engage hard-to-reach
underserved populations with health care services.

Framework
The Information Systems Research (ISR) framework has been
used in prior research [15] when designing mHealth apps, which
applies several processes within the development,
implementation, and testing of an mHealth app [16]. The ISR
framework consisted of 3 phases, which can take place
iteratively versus linearly. The first phase is the relevance cycle,
in which data are collected to better understand the environment
of the end user by a series of interactions with the population
of interest and stakeholders through interviews. The second
phase is the design cycle, in which output from the app is
produced and evaluated. The third phase is the rigor cycle.
During this phase, end-user perspectives and output are
evaluated in relation to design science and app domains [16].

The purpose of this methodological case study is to outline in
detail our strategies and findings in relation to designing,
tailoring, testing, and training an AI chatbot within an mHealth
app using the ISR framework, relevance, design, and rigor
cycles. It is important to remember that these phases are not
linear, and the work in each phase overlaps with other phases.
We provide a methodological case study approach demonstrating
how we executed each phase among a population of interest,
childbearing women with histories of criminal legal system
involvement, such as community supervision.
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Methods

Ethical Considerations
This study was reviewed and approved by the University of
Texas at San Antonio’s Health Science Center’s Institutional
Review Board (IRB; STUDY00001062). All participants
provided informed consent prior to participation. The study was
conducted in accordance with the Declaration of Helsinki and
all applicable institutional and federal guidelines. This study
did not involve participant incentives. Data were deidentified
prior to analysis, stored on secure, password-protected servers,
and accessed only by authorized study personnel.

Case Study: Childbearing Women With Histories of
Criminal Legal System Involvement
Genetic and environmental causes of maternal morbidity and
mortality affect roughly 50,000 women each year in the United
States [17]. For every woman in the United States who dies
from pregnancy, 20 to 30 more women experience lifelong
complications that impact their well-being and health,
contributing to the highest maternal mortality rate compared to
any other country [17], with every 3 in 5 pregnancy-related
deaths being preventable [18]. Socioeconomic factors, including
lower education levels, lack of insurance or underinsurance,
low health literacy, inessential cesarean delivery, chronic
comorbidities and complications, as well as issues related to
pregnancy and childbirth, contribute to increased maternal
morbidity and mortality among women of childbearing age
(ages 18-50 years) in the United States [17,19,20]. These factors
heighten risks for individuals younger than 24 years or older
than 35 years, with race and ethnicity serving as risk markers
[17].

Childbearing women with histories of criminal legal system
involvement raise risk factors that contribute to maternal
morbidity and mortality [2,20]. The rates of morbidity and
mortality increase after initial arrest and interaction with the
criminal legal system and sustain while women are released
back into the community [21,22]. Women of childbearing age

are often prioritized for community supervision, also known as
probation, which is a type of criminal legal system condition
that is an alternative to being detained in jail or prison to
complete a criminal sentence [23,24]. Despite community
supervision being less restrictive than jail or prison, the
circumstances of this type of oversight enhance socioeconomic
barriers for this population of women [25-27]. Hence, most of
these women are considered hard-to-reach, often have low rates
of interacting with health care providers, and limited
self-management of their health [28-30].

Methodological Approach
By applying the ISR framework and using a case study design
that uses qualitative and quantitative analysis, we first discussed
the methodological approach to designing, implementing, and
testing an mHealth AI chatbot by addressing (1) the relevance
cycle, (2) the design cycle, and (3) the rigor cycle outlined in
the ISR framework [16].

Dataset Development and Corpus Construction
Recruitment and data collection across qualitative and pilot
studies within the relevance and rigor cycles were between 2020
and 2025. Across studies, 82 childbearing women (ages 18-50
years) with histories of criminal legal system involvement
(n=57) or who were pregnant and without criminal legal system
involvement (n=25) were recruited. A review of the literature
was conducted in 2022 for 231 papers specific to mHealth apps
within criminal legal system spaces.

To enable context-aware responses without fine-tuning, we
developed a comprehensive retrieval corpus comprising 5738
unique natural language utterances (after removing duplicates
from a total of 6461 inputs). These utterances span 29 distinct
domains relevant to the target population, including mental
health, safety, and criminal legal system challenges. The average
utterance length is 6.25 (SD 2.3) words, reflecting the concise,
conversational style of the target population. Lexical diversity
analysis revealed a vocabulary of 4225 unique words (type-token
ratio=0.12). The examples covered the category and challenge
domains (Table 1).
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Table 1. Categories and challenges within JUN that were used to inform the algorithm.

Domain namesDomain type

Categories • Caregiving
• Relational health
• General health
• Reproductive health
• Trauma
• Mental health
• Nutrition
• Safety
• Identity

Challenges • Mental health
• Criminal legal system involvement
• Parenting
• Caregiving
• Violence
• Abuse
• Substance use disorder
• Grief
• Major life change
• Loss of autonomy
• Family separation
• Isolation
• Pregnancy
• Childbirth
• Postpartum
• General health
• Ability
• Aging
• Identity
• Loss

In January 2025, the initial sentences were created by 6 different
individuals specific to each of the 9 category and 15 challenge
domains (Table 1) to total 2400 sentences (category sentences:
n=900 and challenge sentences: n=1500). Individuals identified
as male (n=1) or female (n=5) and were between the ages of 18
and 40 years. One member had their PhD, another had their
masters, and 4 were undergraduate students. The team comprised
of 2 subject experts specific to issues involving women and the
criminal legal system. The team was instructed to create
sentences in natural language using preliminary qualitative data
that were informed from childbearing women within criminal
legal system spaces.

Individuals were instructed (1) to create sentences in
language-like texting; (2) to reframe from using ChatGPT; (3)
to apply personal, professional, or contextually relevant
scenarios; and (4) to use complete or incomplete sentences,

slang, culturally relevant jargon, and/or misspelled words. Then,
in March 2025, the second training session was initiated, with
participants adding 120 more sentences in natural language
specific to each category and challenge (Table 1) to total 2880
sentences (category sentences: n=1080 and challenge sentences:
n=1800) to retrain, tailor, and test the JUN AI chatbot.
Therefore, altogether, there were a total of 5280 natural language
sentences created by the sample (n=6) to conduct 2 different
training sessions of the JUN AI chatbot.

Results

Overview
Using a case study approach and the ISR framework, we discuss
strategies for designing and testing an mHealth app, called JUN,
which uses AI chatbot technology specific to three different
phases: (1) relevance, (2) design, and (3) rigor (Figure 1) [15].
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Figure 1. Information Systems Research framework.

Phase 1: The Relevance Cycle

Overview
The first phase of the ISR framework is the relevance cycle, in
which data are collected to better understand the environment
of the end user through a series of interactions with the
population of interest and stakeholders [16]. The best approach
to enhance usability, acceptability, and cultural sensitivity of
mHealth apps among underserved groups is to apply an
intersectional approach that considers the positionality of users
and centralizes their preferences from the beginning stages
through development and tailoring [1,6,31,32]. The social,
economic, and political barriers among women within the
criminal legal system and factors that reduce self-efficacy or
the way women effectively manage their health have been
documented [25,26,28,30,33,34].

However, limited data exist regarding the experiences and needs
specific to Hispanic women in South-Central Texas, where this
research originated. Additionally, data that focus on
implementation science in community supervision spaces
[35,36], the health outcomes of women on community
supervision [37], and mHealth apps to assist women with
histories of criminal legal involvement in managing their health
are limited [38]. Therefore, the preliminary steps to designing
the mHealth app, JUN, were undertaken by conducting
qualitative interviews to understand (1) the experiences [39];
(2) the gaps and extent of the literature specific to smartphone
app technology; and (3) the feasibility, usability, and
acceptability of mHealth apps [40] among childbearing women
involved with the criminal legal system.

Step 1: Exploring the Experiences of Women
In 2020, the first preliminary study was conducted using a
descriptive qualitative design [41,42] and the reproductive
justice framework [43] to organize results. This study provided
insight into the experiences of 12 women of childbearing age
(18-50 years) who self-identify as Latina who had histories with
the criminal legal system [44]. We used semistructured,
individual interviews to address the research question, “What
are the experiences of Latina mothers impacted by
incarceration?”.

We applied the reproductive justice framework to inductively
sensitize the experiences with respect to the right to bodily
autonomy, right to have or not have children, and right to parent
in safe and sustainable environments following arrest [39,45].
An overarching theme (We are still human) and 4 major themes
(I did whatever they wanted me to do, It is me against the world,
Even through the pain you push through, and Our voices have
not been heard loud enough) emerged from the data [39,45].
Themes described experiences of discrimination, trauma,
barriers, resiliency, and desires, following arrest.

This study highlighted the socioeconomic barriers of these
women who are associated with the criminal legal system at the
intersection of being pregnant, birthing, and parenting children,
as well as the egregious instances of coercion, abuse of power,
stigma, and sexual violence [39,45]. The findings indicated a
need for more research and tailored interventions that bridge
access to health care and community services and that take an
intersectional approach that considers women’s unique needs
based on their gender, position within the criminal legal system,
and roles as caregivers [39,45].

Findings also highlighted how ineffective coping and limited
self-management of one’s health can be overshadowed by the
demands of community supervision while being a mother to
young children [46]. This study took place during social
distancing due to the COVID-19 pandemic; hence, data
collection was completed virtually over the telephone. This data
collection method provided a foundation for considering how
digital technology could be a convenient and discrete method
for engaging with this population. Therefore, implications for
the future direction of research were directed at exploring how
technology can bridge access to health care for this hard-to-reach
population of women. Details of the interview guide and
demographics can be found in Tables S1 and S2 in Multimedia
Appendix 1.

Step 2: Identify Gaps in Existing Evidence
In 2022, building on our previous work, a scoping review was
conducted to examine the existing literature specific to research
with mHealth apps to address the health needs of women with
criminal legal system involvement [38]. We searched CINAHL,
PubMed, and PsycInfo for peer-reviewed research papers
conducted in the United States [38]. After removal of duplicates,
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review of 231 paper titles and abstracts and 36 papers for
full-text review yielded 5 papers for inclusion [38]. Only 1 study
was specific to women on community supervision [38]. Of the
5 studies that addressed health disparities of individuals under
community supervision, 1 was completed with participants on
community supervision, 3 with participants on medication
therapy for substance use disorder, and 1 with participants in a
court-mandated drug court program [38]. In addition, none of
the studies regarding mHealth apps used an intersectional lens

and qualitative design to tailor and develop the technological
intervention; therefore, this gap in study design further justified
the urgency to develop an mHealth app specific to the needs of
this population of women (Figure 2) [38,47]. Details of the data
extraction such as the study design, sample, objectives,
conclusions, measures, intervention, analytic approach and
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) diagram can be found in Tables S1 and S2
in Multimedia Appendix 2.

Figure 2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram of findings.

Step 3: Intervention Development Study to Test the
Feasibility, Usability, and Acceptability of mHealth Apps
Finally, in the fall of 2023, a third exploratory pilot study using
qualitative and quantitative methods was conducted among 11
women who were of childbearing age (18-50 years) with
histories of community supervision. We piloted 2 existing apps
with topics closely related to women’s needs on community
supervision. Participants were instructed to interact with 2
existing mHealth apps that were originally designed to manage
sexual health (Nice Intimacy Tracker [48]) and dating violence
(USafeUS [49,50]) among college women [40]. Neither app
had AI functionality, but rather were designed to be more
educational in nature. Individual telephone interviews guided
by the social cognitive theory were used to gather information
for data synthesis and organization to understand health behavior

using both mHealth apps and what participants liked and disliked
about both apps to inform the development of JUN. In addition,
descriptive statistics were used to examine the usability of both
apps using the mHealth App Usability Questionnaire. Three
themes emerged: (1) It (the app) made me take time for myself,
(2) It (the app) helped me to be more respectful of my body,
and (3) The connectivity ... that was helpful.

Findings also highlighted that women on community supervision
were open to using mHealth apps to manage their health.
Participants voiced that mHealth app use allowed them to
understand their behavioral patterns to manage their health more
effectively, providing them with insight into the trends over
time of potentially harmful health practices. As such, results
illustrated that mHealth apps addressed the environmental
barriers related to being caregivers while having criminal legal
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system involvement, potentially streamlining health management
for underserved women. Finally, this research suggested that a
culturally tailored mHealth app that uses an AI chatbot may be
an appropriate intervention to provide timely gender-responsive
feedback, resources, and health care to women on community
supervision. Details of the mHealth app’s functions that were
piloted, the interview guide, and findings related to experiences
of violence and reporting are in Tables S1-S3 in Multimedia
Appendix 3.

Phase 2: The Design Cycle

Overview
The second phase of the ISR framework is the design cycle, in
which app output is produced and evaluated [16]. The findings
from all 3 preliminary studies informed the need to begin the
development of an mHealth app, JUN, which was created to
address the health and safety-related needs of women with
criminal legal system oversight. Initially, the development,
sustainment, and management of JUN was university-driven
using intramural research funding awarded by the University
of Texas at San Antonio Health Science Center. ADI (principal
investigator) from the University of Texas at San Antonio Health
Science Center led the preliminary studies that informed the
artistic, conceptual, and functional design, while a student
collaborator within the Computer Science Department developed
the first JUN prototype.

Proof of Concept
JUN’s prototype was developed between November 2023 and
June 2024 by an interdisciplinary team and partnership between
the computer science and nursing departments. The first iteration

of the JUN app was a proof-of-concept that did not have AI
ability, which was used to communicate the overall concept,
use, and basic functionality of the app. Features of the first
prototype did not have 2-way interaction and were more based
on user-guided interaction and input with imagery, such as the
JUN logo and color scheme, illustrating that the initial artistic
palette design was portrayed in the prototype.

In June 2024, administrative management concerns regarding
maintenance, support, sustainability, scalability, and cost arose;
therefore, in August 2024, a university-vendor collaboration
with Scalable Care was formed. Scalable Care is a start-up
technology company based in San Francisco, which took over
the management and development of JUN. This partnership
was essential in further developing and scaling the intervention
to have the ability to execute larger clinical trials and more
sophisticated in-app functionality. Following the
university-vendor partnership, the design process began, which
is comprised of three steps: (1) the artistic design, (2) the
conceptual design, and (3) the AI chatbot design.

Step 1: The Artistic Design
JUN is short for the junonia shell (Figure 3), a native shell of
South Texas, which means courage, strength, and
self-sufficiency, much like the women who informed its design
[39,40]. In addition, the orange color of the native shell is
symbolic of the institutions where this research originated (The
University of Texas System). Therefore, the name JUN was
contextually relevant to be a discreet, meaningful, and symbolic
name for the mHealth app and its logo (Figure 4), which was
trademarked in 2025.

Figure 3. The junonia shell.

Figure 4. JUN logo.

Another area that was included in the artistic design process
was the color scheme, feel, and imagery within JUN. Working
with an art faculty member from the University of Texas at San
Antonio, the colors were tested and selected for the app using
a chromatic circle wheel and applied in areas around the border

and tabs of the app (Figure 5). In addition, collaboration took
place to develop, refine, and tailor images that would be fitting,
representative, and inclusive for end users; the design prioritized
different body types and used fictional hair and skin tones that
are playful in nature (Figure 6).
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Figure 5. JUN wireframe.

Figure 6. Images of artistic graphics in JUN.

Step 2: The Conceptual Design
JUN applies a conversational AI chatbot powered by LLM
technology, including ChatGPT, to provide health-related
support, feedback, education, and guidance across health, safety,

and social domains. The app is available in 8 languages that are
dominant within the United States and allows the customization
of the user avatar to enhance the user experience. Table 2
displays the functionality within JUN that consists of features
informed by the target population in preliminary studies [39,40].

Table 2. The conceptual design related to the functions within JUN.

Function meaningFunction name

A conversation feature to interact and get advice from the JUN AIa chatbot1. Chat

Safety features that allow fake calls and texts from the AI chatbot to get out of a harmful situation2. Safety

An education tab with trauma-informed evidence-based nursing education around general health, reproductive and
sexual health, mental health, substance use, caregiving, criminal legal system involvement, and relational health

3. Library

A symptom tracker feature that gives statistics and trends and serves as a virtual AI-led triage function that is trained
using nursing rationale that gives feedback regarding health, safety, and social-related symptoms

4. Journal

An anonymous chat that allows in-app users to interact with each other through online forums or posts5. Chatroom

An AI-led resource tab that intuitively gives resources specific to the user’s needs6. Resources

aAI: artificial intelligence.

Step 3: The AI Chatbot Design
The health, safety, and social-related domains or features within
the mHealth app, JUN, have been trained around categories and
challenges that were informed by preliminary data specific to
the needs of women with criminal legal system involvement.
Table 1 displays all 9 categories and 20 challenges used in
training the JUN algorithm. Next, we discussed the methods
used to apply these categories and challenges to develop the
JUN AI chatbot’s algorithm to be sensitive in giving
context-specific feedback regarding the health, safety, and social
concerns of childbearing women with experiences of criminal
legal system involvement.

LLM to Inform AI Chatbot Design
Recent methodological approaches to training AI chatbots using
natural language have leveraged advances in LLMs, such as
ChatGPT, to improve task-specific performance in the health
domain [51]. However, the deployment of AI chatbots in
health-related applications requires a high degree of rigor,
particularly in scenarios where users are experiencing acute and
complex health-related issues, such as a mental health crisis or
thoughts of suicide. Hence, there is an urgent need for relevant,
domain-specific training data balanced with the ethical
challenges of collecting time-sensitive mental health
conversations [52].

For any such model, the output of an AI chatbot depends on its
large and often unknowable set of training data [53]. For
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instance, training the bot around sensitive issues such as a mental
health crisis (ie, thoughts of suicide or harming others) is
essential to adequately address the needs of populations with
risks associated with criminal legal system involvement [52].
Numerous commercial chatbots, such as Character.ai, a virtual
therapist site with over 20 million chat interactions captured,
have recently been reported to violate company policy related
to child safety, user data, and content moderation [54]. These
crisis detection dialogues were not removed due to their
popularity and highlight the need for more rigorous and
therapeutically informed methodologies when training and
deploying AI chatbots in mental health care [54].

Contextually Tailored LLM to Inform AI Chatbot Design
In contrast, specific AI chatbot platforms such as Woebot were
developed for specific user populations using their own
cognitive behavioral therapy frameworks or philosophy in how
they treat and manage individuals with various mental and
physical conditions [54,55]. Comparable to the process
developed for JUN by Scalable Care, these AI chatbots use
curated language patterns to deliver supportive, empathetic
conversations [54,55]. However, despite LLM’s ability to
potentially achieve diagnostic accuracy, the natural language
responses may fall short of therapeutic standards [56].

These LLM models may capture stigmatizing content when
certain populations engage in behaviors such as substance use,
highlighting the need for ethically grounded, strict oversight of
the data and output [57]. Therefore, users of the target
population must provide feedback on trained AI chatbots around
different cultural, health, behavioral, and socioeconomic
domains to ensure that the emotional tone and linguistic style
are in alignment with users’ expectations [58]. Hence, the
methods we have used facilitate a context-sensitive,
user-informed approach in training AI chatbots geared for
health-related settings that involve training the algorithm using
preliminary data from qualitative interviews and user feedback
following pilot-testing to ensure that the app responds in a
culturally sensitive manner.

Phase 3: The Rigor Cycle

Overview
The third phase of the ISR framework is the rigor cycle. This
process involved evaluating JUN’s output combined with the
perspectives of end users [16].

Generative AI Architecture
The JUN chatbot uses a retrieval-augmented generation
framework [59] combined with dynamic few-shot prompting
[60]. Rather than fine-tuning a model’s weight, the system uses
a 2-step pipeline using OpenAI models (GPT-4o-mini) [61]:

• Retrieval: When a user inputs text, the system calculates
the semantic similarity between the input and the 5738
examples in the retrieval corpus.

• In-context learning: The most relevant examples, both
positive matches and negative “fall-back” examples, are
dynamically retrieved and inserted into the system prompt.
This allows the LLM to classify the user’s intent (eg,
“crisis” vs “general health”) and generate a response that

mimics the empathetic, safety-conscious tone of the
retrieved examples.

Fallback Mechanism
If the LLM confidence score falls below a set threshold, the
system triggers a fallback protocol to ensure that the user
receives a supportive, noncommittal response rather than a
hallucination. The first step the team took in executing our
approach was to first identify what the categories and challenges
were (Table 1) based on preliminary data and user feedback
[39,40]. We began the first training session of the AI chatbot
with 2400 items written in natural language (Table 1). Then,
we conducted a second training of 2880 items in natural
language to retrain, tailor, and test the JUN AI chatbot and run
pre- and postreliability and validity testing, resulting in 5280
items total.

During both steps following the creation of the sentences in
natural language, the research and engineering team reviewed
and approved training sentences that were balanced across the
different categories and challenges (Table 1). This process
included defining intent classifiers, interpreting training data,
engineering prompts, and rigorously validating the system using
a quality assurance workflow. This approach has been designed
to maintain both safety and domain relevance responses to
concerns raised about unpredictable and potentially harmful
outputs of LLMs in health contexts [53]. Thus, classifiers
provide consistent, interpretable, and domain-controlled outputs,
while LLMs augment user experience through conversational
flexibility [53]. This fused architecture, whereby classifiers
govern core functionality, and LLMs provide naturalistic
dialogue, illustrates a compelling, scalable, and adaptive model
for the effective deployment of intelligent virtual assistants in
health-related mHealth apps [53].

Testing the Rigor of the AI Chatbot
We used OpenAI’s GPT-4o-mini [61] for intent classification
and response generation within the app. Conducting qualitative
interviews to gauge the perspectives of users’ experiences to
guide the future direction of app development is essential.
Furthermore, conducting validity and reliability by running pre-
and posttests of the AI chatbot’s algorithm is essential in
evaluating the effectiveness of the intervention [6,16,62].
Currently, several tests have been conducted.

Rigor Cycle Study 1

Overview

The first study was a pilot study testing JUN’s ability to enhance
self-efficacy among pregnant women, comparing (n=25) women
who are on community supervision to those (n=25) without
criminal legal system involvement. Participants had to be
pregnant and under 6-month gestation, have a smartphone with
internet, and could read and write English. The frequency of
app use, behavioral patterns, and outcomes of participant (n=50)
interactions with JUN were retrieved. Qualitative data guided
by the health belief model [63] and 2-tailed t tests were
conducted to examine quantitative data related to differences
in self-efficacy and app usability data between groups regarding
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their pregnancy-related outcomes and health behavior across 3
months.

Findings

Details of the interview guide can be found in Table S1 in
Multimedia Appendix 4. Qualitative findings displayed
increased usability of JUN to manage health at night by
participants. The findings also demonstrated that the role of
caregiving or current pregnancy was a motivating factor to
manage health using technology such as the JUN app.
Collectively, the sample expressed that barriers to managing
their health effectively were associated with limited
transportation, time off work, and insurance coverage.
Participants in the community supervision group also described
that stress related to criminal legal system involvement put
limitations in how they managed their health and well-being.
Altogether, participants from both groups discussed how an
anonymous chat feature and app store accessibility would
enhance the usability and acceptability of JUN among users
[Ihle, unpublished data, 2026]. Usability quantitative findings
included the use of JUN more on Mondays and Wednesdays
across the sample [Ihle, unpublished data, 2026]. Pregnant
women had feelings of fatigue, food cravings, anxiety,
confidence, determination, frustration, excitement, happiness,
hopefulness, irritation, love, acknowledgment of feelings,
communicating clearly, giving options, time and space, and
shortness of breath [Ihle, unpublished data, 2026]. When
comparing pregnant women on community supervision to
pregnant women without criminal legal system involvement,
women on community supervision had more housing (P=.05)
and food (P=.01) insecurity, were worried about their electricity
being turned off (P=.04), and needed help finding resources
(P=.01) [Ihle, unpublished data, 2026]. Results that were
trending toward significance among women on community
supervision were having newborns with health complications
(P=.08), past complications in childbirth (P=.08), complications
with the current pregnancy (P=.08), anxiety during the current
pregnancy (P=.06), and not being able to stand up for rights
effectively (P=.07), trending toward significance. Given the
exploratory nature of this pilot study, these P values should be
interpreted as descriptive signals of potential disparities rather
than confirmatory hypothesis testing.

Rigor Cycle Study 2

Overview

The second study, exploring JUN, conducted in 2025, used a
qualitative design and thematic content analysis guided by the
social cognitive theory [64,65] to explore the perspectives of
childbearing women who had histories of community
supervision on how they manage their health. In total, 10
individuals who self-identified as women between the ages of
28 and 50 years were sampled. Inclusion criteria were that they
had experience with community supervision, owned a

smartphone with internet, and could read and write in English.
Questions regarding the usability, acceptability, and feasibility
of JUN were asked to participants. Using qualitative thematic
content analysis, findings were analyzed around the tenets of
the social cognitive theory [64,65] such as (1) personal factors,
(2) behavioral factors, and (3) environmental factors.
Participants were instructed to use JUN daily as needed across
1 week. Qualitative interviews were then conducted over the
telephone. The interview guide is in Table S1 in Multimedia
Appendix 5. One person failed to be recontacted; therefore, only
9 individuals were interviewed. Recruitment and data collection
stopped at the ninth interview after data saturation.

Findings

Results specific to (1) personal factors included usability at
night within the home [Ihle, unpublished data, 2026]. Most
participants disclosed being busy as caregivers, making use
during the day or at work was difficult [Ihle, unpublished data,
2026]. Participants enjoyed using the app to manage their health
and were open to using the app despite not having used
technology to manage their health prior to participation [Ihle,
unpublished data, 2026]. (2) Behavioral factors included liking
features such as the symptom tracker, AI reminder prompts,
and education tab [Ihle, unpublished data, 2026]. Some users
also described liking the audio feature to listen to content while
driving [Ihle, unpublished data, 2026]. Functionality suggested
by participants was an anonymous chat among in-app users,
accessibility to download JUN on the App Store and linking
JUN to real health care providers [Ihle, unpublished data, 2026].
(3) Finally, environmental factors included using JUN more at
home. Participants disclosed using the app in the community
or work setting was difficult due to time and confidentiality
issues [Ihle, unpublished data, 2026].

Rigor Cycle Study 3
Finally, the third study tested the validity, reliability, cultural
sensitivity, and usability of JUN’s AI chatbot algorithm. This
study used data informed or extracted from qualitative excerpts
of preliminary studies [39,40,45,46] to inform the natural
language sentences developed by the research team around the
categories and challenges (Table 1). A preintervention interview
using a structured interview guided around the category and
challenge domains (Table S1 in Multimedia Appendix 6) was
conducted, transcribed, and uploaded into Dedoose—an online
program to assist with qualitative analysis (SocioCultural
Research Consultants, LLC). The research team member who
interviewed the JUN chatbot was instructed to go through each
category and topic using the same sentences as in the interview
guide and allow time for the chatbot to respond. After all
questions were asked, they were then instructed to state “never
mind” in the chat to redirect the JUN chatbot to another topic.
Interview results along with the output given by JUN were
analyzed using the usability evaluation model (Figure 7) [66]
within Dedoose (Figure 8).
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Figure 7. Usability evaluation model.

Figure 8. Wireframe of the JUN mobile health site demonstrating the JUN chatbot dialogue feature.

Crisis Detection Performance
To evaluate the safety of the system, we conducted a
performance test on a dataset of 178 utterances (crisis: n=104
and noncrisis: n=74). The “crisis” examples included high-risk
inputs (eg, “I want to end it all”) verified by the principal
investigator (ADI). The “noncrisis” examples included a mix
of general health queries and synthetic inputs generated to test

the model’s ability to distinguish between distress and casual
conversation.

On this held-out test set, the system achieved an overall accuracy
of 89% (Table 3). The system demonstrated high precision
(0.98) for the crisis category, indicating a low rate of false
alarms. However, the recall for “crisis” events was 0.83,
suggesting that while overt threats are caught, some ambiguous
distress markers may require further sensitivity tuning.

Table 3. Testing the definition of a “crisis.”

SupportF1-scoreRecallPrecision

1040.900.830.98CRISIS

740.880.970.80NOT_CRISIS

1780.890.890.89Overall or average

Qualitative findings included similar feedback from the JUN
AI chatbot during pre- and posttraining around the educational
content [Ihle, unpublished data, 2026]. However, the posttraining
interview had more suggestions by the JUN chatbot specific to
community resources [Ihle, unpublished data, 2026]. In addition,
the pretraining interview had more errors and suggestions that

had not completely addressed all concerns from the participant
[Ihle, unpublished data, 2026]. In comparison, the posttraining
interview had the chatbot conversing with the participant more
and taking them through resources within the app such as the
education, resource, and symptom tracker features while also
suggesting community resources outside of the app [Ihle,
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unpublished data, 2026]. Conclusively, the results from these
3 studies within the rigor cycle have informed the validity,
reliability, usability, and cultural sensitivity of the JUN AI
chatbot, strengthening assumptions and guiding future tailoring
and sustainment.

Discussion

Overview
mHealth apps have gained recognition in mitigating the
health-related needs in groups that are considered hard-to-reach,
have risks to their social determinants, and have low
self-efficacy [1,5,6,8]. Populations with heightened health risks
that are hard to reach could greatly benefit from mHealth apps
that use an AI chatbot. This technology can bridge access to
care and give contextually relevant health, safety, and social
support.

Principal Findings

Overview
The systematic methodological case study we used to develop,
tailor, and test JUN, an mHealth app that uses an AI chatbot,
may be a blueprint for other scholars to replicate to develop
interventions for other populations to enhance health outcomes.
However, there are some factors to consider when applying our
methods toward other populations such as (1) required resources
and expertise, (2) exploratory preliminary pilot studies, (3)
geographic location, (4) methodological aspects that may be
transferable or context-specific, (5) cost estimates for
development and maintenance, and (6) scalability challenges.

Required Resources and Expertise
Interdisciplinary collaboration is essential. The team informing
intervention development must have a subject matter expert
who knows the data phenomenon, and the population of interest
is necessary to be able to guide and oversee development across
all stages. Other expertise necessary are computer engineers,
specifically those with expertise in AI, LLM, and ethical-related
concerns regarding protection of human subjects; statisticians
who have expertise in analysis using large datasets within
wearable devices to predict human behavior such as ecological
momentary assessment; legal counsel on forming Business
Associate Agreements detailing proposer use, storage, data
transfer and sharing, protection of human subjects, ownership,
trademark, etc; IRB expertise in the oversight of the protection
of human subjects; commercialization and licensing experts to
assist with trademark, limited liability company formation, and
business agreements; business partners or vendors who will
assist in the financial and infrastructure support to scale and
manage the mHealth app; and finally, individuals with lived
experience to inform app development and ongoing tailoring.

Exploratory Preliminary Pilot Studies
Preliminary studies exploratory in nature to inform the gaps,
needs, facilitators and barriers, functionality, design, feasibility,
usability, and acceptability among the targeted population are
essential. This could require a substantial amount of time,
intramural and extramural funding, and institutional support.
We suggest that all preliminary studies except for literature

reviews should involve individuals with lived experience using
a combination of qualitative and quantitative methods. We also
recommend using our methods to first conduct a search of what
apps are already targeted at the population of interest to better
understand gaps. Then, piloting apps that are already on the
market, with permission from the owner, would be the next
step. Testing existing apps that have functionality or focus on
a topic relevant to your population would be an ideal way to
conduct preliminary feasibility, usability, and acceptability
testing prior to actual app development.

Geographic Location
Geographic location is another factor to consider. Our population
was in Texas and on a form of community-based criminal legal
oversight outside the confinements of jail or prison, making
participant interaction and intervention testing more feasible.
Local, state, and federal laws and institutional or environmental
barriers that may hinder feasibility, usability, and acceptability
within a target population must be considered. In addition,
community partnerships with recruitment sites are essential for
accessing the targeted population.

Methodological Aspects That May Be Transferable or
Context-Specific
There are some methodological aspects that could be
transferable to other populations with similar overlapping
qualities such as criminal legal involvement, the social
determinants of health, women’s health issues pertaining to
violence, perinatal substance use disorder, parenting, pregnancy,
childbirth, and postpartum. For instance, pregnancy-related
deaths can arise from factors at the individual level (eg, maternal
age, substance use, mental health conditions, and chronic
diseases), the community level (eg, unstable housing, inadequate
access to health care, lack of reliable transportation, and living
in rural areas), and the institutional level (eg, limited policies
or procedures or biased care) [67], especially among women
with criminal legal system involvement.

Our preliminary studies [38-40,45] and current data being
collected in pilot tests [Ihle, unpublished data, 2026] reflect
data from other authors, which provide insight from women on
community supervision having health compilations and adverse
experiences or outcomes that could have been mitigated had
they had access to timely and cost-effective health care
[26,29,68,69]. Therefore, we can assume that mHealth apps
with AI chatbot technology that uses a systematic method guided
by the ISR framework to direct design, implementation, and
evaluation show promise in effectively heightening self-efficacy
among groups with similar or overlapping risks to their overall
health.

Cost Estimates for Development and Maintenance
The costs may vary depending on the type of design,
functionality, preliminary testing needed, and partnership
agreements. However, preliminary studies within our
methodological approach ranged from in-kind effort (US $0)
upward to US $350,000 to support salaries, participant
incentives, and data collection and analysis. In addition, vendor
fees for tailoring the images (US $100-$1000) and covering the
costs for developing, managing, and scaling (up to US $50,000)
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of the intervention can be estimates others can use to gauge
their work, time, and budgets on.

Scalability Challenges
Finally, scalability challenges will arise, especially if
development and testing are within academic settings. For
instance, within academic settings, funding to cover the
development, management, and scaling of the intervention will
most likely come from intramural or extramural grant funding
with instances that may cause delays in between funding. In
addition, limited salary support and protected time of
investigators combined with the overturn of staff comprised of
students who may graduate may impede the development and
testing efforts of an mHealth intervention. Therefore, it is
essential to get guidance and support from institutional
commercialization departments to find vendor or business
partnerships to help in financial and development support to
manage, sustain, and scale the technology beyond the parameters
of an academic institution.

Comparison With Prior Work: Ethical Considerations

Overview
Considering JUN is a health-related app that gives guidance
around sensitive issues such as mental health, violence, criminal
legal system involvement, and perinatal health, the ethical
standards must be applied during app development and
management specific to the health care field and protections of
human subjects. Overall, the ethical standards must encompass
the basic principles of beneficence and nonmaleficence. To
maintain these principles, JUN operates in the following manner
around crisis detection, privacy protection, and fallback
mechanisms.

Crisis Detection
JUN and its incorporated AI chatbot are clearly stated to not
substitute for in-person medical care, diagnose, nor counsel.
When the JUN AI chatbot managed by Scalable Care detects
indications of critical health or safety-related symptoms that
may harm an individual or others, research staff (in this case,
the principal investigator [ADI]) is automatically notified, and
the user is directed to appropriate emergency services. The team
trained its crisis detection system with harm to self, harm to
others, or suicide as priority categories, overriding other possible
detection categories (eg, emotional valence or life situation).
Tolerance limits were chosen with preference for type II error
over type I error, as a false positive (eg, detecting a crisis where
there is none) is largely harmless, while a false negative may
leave a person in crisis without support [70]. Further, support
for this priority comes from work, showing that candidly asking
about suicidal ideation decreases risk [71]. The JUN AI chatbot,
in our case study, can continue conversations following a user’s
disclosure of ideation followed by denial of an immediate crisis.
Should a user describe an immediate crisis, the AI chatbot will
pause the conversation and direct the user to appropriate
channels of health care or emergency support.

Privacy Protection
Private health data are stored securely, and access is strictly
limited as outlined and agreed upon between the

university-vendor Business Associate Agreement and IRB
approved protocol. The “Journal” feature, which provides
functions around symptom tracking, statistics, trends, and AI-led
feedback, potentially contains personal health data submitted
by users in JUN. Due to the vulnerable nature of the target
population, cases of phone theft, browser snooping, and similar
violations of privacy by individuals gaining unwanted access
to the user’s device are probable. To mitigate this risk, access
to the “Journal” feature requires a secondary login step even
for registered users.

Fallback Mechanisms
Educational information on JUN is factual, verified, and
represents the current state of knowledge of the respective fields
and is presented in a way that is approachable and appropriate
for the target population. Operational efficiency may not be
prioritized when considering ethics; however, the public has
displayed trends and voiced serious ethical concerns [72]
regarding the widespread, insidious, or overabundant use of AI,
as well as associated data centers’ use of electricity and water
[73], environmental damage [74], and public health risks. While
there are efforts to expand AI tools in a more sustainable
fashion, the current regulatory regime is a patchwork of laws
and proposals at the national, state, and local levels [71]. Each
of these issues requires further interrogation and is beyond the
scope of this study.

However, no discussion of the ethical burden borne by mental
health service providers’ use of AI tools could stand scrutiny
without acknowledging the rapidly growing data center elephant
in the room. To address this, the JUN chatbot uses a multiagent
structure, which limits its large model use to tasks that cannot
be accomplished by its smaller, purpose-trained models. These
smaller models are used to detect the emotional valence of the
user’s input, life situation, or presenting concern including a
crisis or state of emergency—recommending relevant education
or health, safety, or social-related resources.

Limitations
Despite the novelty of our methodological approach used in
this paper, limitations exist that we must consider. First,
preliminary and current pilot testing that has informed the design
and tailoring of JUN has been conducted within one
geographical region of South-Central Texas, which is
predominantly Hispanic, potentially limiting generalizability
and applicability among other populations. Most of our data are
cross-sectional in nature, except for a microlongitudinal study
across 3 months. Another limitation is the small training dataset
of 220 sentences; however, using techniques such as fine-tuning
[75] and in-context learning [76], only a minimal number of
examples are necessary to adjust these models to perform
domain-specific tasks with higher accuracy than hand-tailored
prompts.

Another limitation is the sustainability and long-term
maintenance concerns after research funding ends, which is
why business agreements like our methods with vendor
partnerships to help with managing and scaling the technology
and to inform commercialization are essential. Potential for
harm is also another limitation to consider if the AI chatbot
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provides inappropriate advice in crisis situations. We addressed
this by having members of our team consistently test the AI
chatbot in our beta-testing site using language and phrases that
suggest self-harm or harm to others. We also set the algorithm
to be more sensitive around type II error over type I error, such
as being overly sensitive to deter a crisis where there is none,
to be the best route to ensure that support is given to participants
when needed. Another limitation is the consideration of how
rapidly LLM technology is evolving; therefore, our
methodological approach may not be the most efficient method
of developing and testing an AI chatbot in future projects.
Therefore, the continuation of developing and informing
methodological approaches is essential.

We also did not have our target population involved in creating
the sentences for training generation; however, we used
preliminary data to inform the sentences and topics for our
categories and challenges within our methods to train our AI
chatbot. Finally, there are potential biases from our
university-vendor collaboration and conflicts of interest,
considering that the vendor who has helped develop, tailor,
manage, and scale our technology is a for-profit company. We
have mitigated biases by making our methods informed by
preliminary studies, which engaged women with lived
experience. Additionally, our methodological approach is
supported by recent literature by authors without biases or
conflicts of interest. Despite these limitations, our
methodological approach addresses some of the gaps of current
literature and may be useful to help make assumptions toward
other populations and case studies. Larger and more controlled
clinical trials across longer durations of time must be
implemented to fully understand the effectiveness of AI chatbots
among underserved populations.

Conclusions
Health disparities such as maternal morbidity and mortality
among childbearing women remain high in the United States,
especially among those with risks associated with the criminal
legal system. This research addresses how iteratively applying
the 3 phases of the ISR framework in the design,
implementation, and testing of an mHealth app may enhance
the AI chatbots’ algorithm to provide tailored feedback to

appropriately address the complex needs of underserved
populations such as the women involved with the criminal legal
system used in our case study.

AI chatbot technology has the potential to revolutionize health
care access and strengthen the ability to customize and deliver
adaptive health care to vulnerable populations. However, the
complex and intersecting needs of underserved populations
require focus to address gaps, including design data, relevant
user content, data security, and privacy. Underserved groups
experience compounded social and health inequities aggravated
by social determinants such as low socioeconomic status,
undiagnosed or chronic disease, discrimination, and low digital
literacy [6]. Genuinely addressing the needs of the target
population requires deliberate cocreation input that includes the
people at the margins of health care [5].

mHealth app content must extend beyond generic scopes of
practice, becoming contextualized and specific to the unique
and complex needs of underserved groups [1]. Therefore,
researchers and computer engineering teams during the design,
tailoring, and testing process must collaborate with underserved
communities to gain insight regarding the appropriate cultural
terminology and nuances specific to local values and norms [5].
As such, mHealth apps’ relevance and design must include how
the content is delivered, the accessibility of content, combined
with how users engage with the intervention’s interface [8].

Another factor researchers and engineers must consider during
mHealth app development is the privacy and security concerns
that may deter trust, acceptability, and usability among
underserved groups from interacting with digital technology
[7]. Similarly, scholars must consider technological tethering
based on opaque data systems, whereby AI tools may monitor
data to penalize underrepresented groups [77]. Implementing
ethical safeguards in legal-binding Scope of Work, Business
Associate Agreements, and IRB protocols, including
language-friendly consent and transparent privacy policies, may
educate and gain the trust of users [77]. Altogether, inclusive
data and mHealth app design promote empowerment and trust.
The ethical design of mHealth apps must intentionally consider
intersectionality; otherwise, AI chatbot technology may have
limited efficacy to address the needs of underserved groups.
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