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Just-in-time-adaptive interventions (JITAIs) have advanced the ways in which technology supports behavior change, providing
tailored interventions at the most appropriate time.With machine learning (ML), these interventions are becoming increasingly
sophisticated. However, significant efforts are required to fully understand and address individual expectations of ML-driven
JITAIs. In this work, we recruited 20 pregnant people to explore their interest in and expectations of a JITAI designed for
prenatal stress prediction and prevention, an area of global public health significance. Using design sessions that combined
reflection and design feedback activities, we found that participants were interested in using ML-driven JITAI designs that (1)
fit into their daily life by offering flexible engagement, (2) supported them in building a mental model of the underlying JITAI
functionality, (3) differentiated between non-adherence and non-compliance, and (4) illustrated apparent reciprocal learning.
We use these results to propose designs for future iterations of prenatal stress interventions, particularly those leveraging
increasingly complex computational technologies.
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1 Introduction
Just-in-time adaptive interventions (JITAIs) provide personalized, timely support tailored to an individual’s
unique needs and context, offering an adequate amount of support at the precise moment needed [94–97]. Recent
evaluations have shown the ability of these technologies to have significant health impacts. JITAIs have been
used to help individuals improve mental health, manage chronic conditions, increase physical activity, and reduce
substance use [42, 49, 73, 85, 109, 141].

Moreover, implementingML into JITAs introduces both benefits and challenges. ML enhances JITAIs capabilities
to detect behaviors, determine the most effective intervention options for an individual, and identify moments of
receptivity, thus offering a highly tailored user experience [6, 68, 88, 102]. New complexities also arise with ML,
such as the use of large feature sets to identify or predict complex behaviors [13, 105, 129]. While ML-driven
JITAIs hold considerable promise, a lack of insight into end user perceptions and valuation of the technology
presents a significant barrier to realizing their expected benefits. Therefore, before developing an ML-driven
stress prevention JITAI, in our study we sought to first understand pregnant people’s beliefs about how the
proposed JITAI support may or may not fit with their daily routines and their expectations from such a system
given its anticipated capabilities. Broadly, our research objective was to investigate how such tools may align or
disalign with end user goals for stress management during pregnancy, preferences for when and how to use the
technology, values that should be embedded into tool design, and concerns about this more intelligent JITAI.

In our work, we recognize that the integration of ML into JITAIs, across its advantages and limitations, raises
fundamental design questions about how users want to understand and interact with these interventions and the
embedded ML models. As there have been compelling contributions from the Human-Computer Interaction (HCI)
research community at the intersection of ML and JITAIs in modeling emotional states of individuals, smartphone
overuse, and walking behaviors [60, 102, 105], we undertake this investigation from an HCI perspective, by
developing and applying storyboard-based design sessions (Figure 2 in Methods), which draw on participatory
design (PD) principles. PD recognizes humans as holders of deep experiential expertise indispensable to system
design [8]. JITAI development has outpaced our understanding of how people interpret ML-driven personalization
for well-being. Without insight into real-world constraints and user interests, their promise remains uncertain.
To advance this relatively uncharted area of JITAI research, we investigate pregnant people’s perspectives of a
near-future ML-driven JITAI.

We anchor our work in the expertise of pregnant people, investigating their expectations for a near-future ML-
driven JITAI. This collaborative groundedness is consequential given that prenatal stress—a global public health
crisis—carries profound health risks for both the birthing parent and child. The consequences of prenatal stress
manifest in adverse outcomes, including conditions such as postpartum depression, preeclampsia, gestational
hypertension, miscarriage, and stillbirth [5, 44, 119, 153]. JITAIs hold great promise for mitigating the detrimental
health effects of prenatal stress; however, their ultimate effectiveness hinges on user alignment. If the technology
does not resonate with the perceptions and values of pregnant people, its potential for impact remains unrealized.

Prenatal stress is highly dynamic and fluctuates rapidly, making the timely and adaptive support from JITAIs
well-suited to address these changes. For this reason, the central contribution of this study is identifying how
pregnant people perceive and understand these ML-driven systems. By focusing on people’s understanding and
concerns of the envisioned JITAI, we provide key insights for designing and developing technology that aligns
with human needs and expectations.

Our research is further motivated by recent ML research, which leverages sensors and predictive analytics
to look at the possibility of predicting high stress [36, 38, 63, 152]. A notable algorithm for predicting next-day
prenatal stress was developed by Ng et al. [101], relying on data collected by electrocardiography (ECG) and
inertial measurement unit (IMU) sensors. The recent breakthrough of models capable of predicting next-day stress
during pregnancy introduce the opportunity to develop adaptive interventions that aim to prevent, rather than
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respond to, elevated prenatal stress. These models serve as the motivation for our investigation into pregnant
people’s perceptions of proactive prenatal stress JITAIs.
Prior scholarship has established the risks of prenatal stress and the promise of ML-based detection, yet the

voices of the pregnant people are missing. Our contribution addresses that void by examining how pregnant
people regard the anticipated value of these systems.
Specifically, we investigate how pregnant people perceive the required input sources, overall interest in

automated detection, and their concerns regarding system integrationwith daily life, functionality, and algorithmic
uncertainty. We organized our study around the following five research questions (RQs):

RQ1: How do pregnant people feel about sharing stress data through a sensor and Ecological Momentary
Assessment (EMAs) to guide a stress-prevention intervention?
RQ2: How does the potential to predict next-day stress—using perceived stress and physiological stress—
align or disalign with pregnant peoples’ needs and goals?
RQ3: How do pregnant people imagine using a JITAI, that could predict next-day stress, in daily life?
RQ4:What questions do pregnant people have about the user of ML to generate next-day stress predictions?
RQ5:What perceived benefits and concerns do pregnant people have towards next-day stress prediction
interventions?

In seeking pregnant people’s insights of this hypothetical ML-driven JITAI for prenatal stress, we ground our
questions on relevant ML properties and on key components of the JITAI framework. Accordingly, each question
is centered on its associated interface ML property (e.g., data input or uncertainty of the prediction) and on at
least one JITAI component (e.g, tailoring variable or intervention options), which we detail in Method’s Table 1.

Recognizing both the complexity of this hypothetical JITAI for prenatal stress and the value of storyboards for
decomposing this complexity, we developed five storyboards, one for every research question. Each storyboard
illustrated the types of functionality and interactions that are technologically feasible, with the help of two
characters: Aria to represent a pregnant user and “LUCA” (Lowering Unwanted Cortisol Activity) to represent the
ML-driven JITAI. We used these storyboards to engage participants in providing design feedback on a near-future,
yet not currently available, JITAI for prenatal stress. To scaffold the design session, each storyboard guided every
individual participant through three modules: an example scenario describing how aspects of the intervention
could work within the bounds of existing next-day prenatal stress prediction models ([101]), a reflection activity
to engage participants in discussing their expectations of the hypothetical JITAI, and a design feedback activity
to facilitate additional future-state ideation. In Method’s Figure 2, we broadly illustrate these three modules
contained in each of the five storyboards.
Our work offers the following contributions:
(1) Based on design sessions with 20 pregnant people about their prenatal stress and its management, we

present findings on patient perceptions and anticipated challenges, which they highlighted as important
for engaging with next-day prenatal stress predictions (i.e., the hypothetical ML-driven JITAI).

(2) We translate our findings into design recommendations for ML-driven prenatal stress JITAIs. Specifically, we
draw attention to the importance of (a) helping pregnant people build a mental model of JITAI functionality
and reinforcement learning (RL) and (b) supporting people’s autonomy through flexible engagement and
by facilitating non-compliance from pregnant people.

(3) More broadly, we contribute to the growing body of research on patient-facing ML, that intentionality
solicits patient expertise.
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2 Related Work

2.1 Just-in-time adaptive interventions (JITAIs) for Health
Technological advancements, such as the widespread availability of affordable and accessible smartphones in
the early 2000s and the development of sensors for measuring behavior, have proven instrumental in behavioral
science. These tools have been particularly effective in advancing digital health efforts for behavior change and
personalized support, one emblematic example being JITAIs. The original JITAI architecture by Nahum-Shani
et al. [97] is comprised of four critical components supporting both proximal and distal outcomes, which we list,
define, and provide examples for below:

Decision points are instances when an intervention decision is triggered. For example, Park et al. [103]
propose encouraging physical activity with notifications delivered to the user every three hours (at most
four times a day), during waking hours. These instances represent points in time where a decision to send
an intervention (or not) could be made.
Intervention options is the set of possible treatments. An example of this is depicted in a JITAI aimed at
reducing gambling symptoms with intervention modules, containing an array of activities for the user to
benefit from [34].
Tailoring variables are the individual’s data used to guide when and which intervention to administer.
For instance, Battalio et al. [4] collect sensor and EMA data, including electrical activity from the heart,
lung volume and breathing rate, motion, and a variety of EMAs, from smoker adults. The data collected are
meant to serve as variables that can determine when to tailor the intervention option, and which option to
offer.
Decision rules are the logic (i.e., conditionals to be satisfied with thresholds or ranges) connecting a
quantified tailoring variable with intervention options. If a condition is met, then this determines what
intervention to offer, when, and to whom. For instance, Spruijt-Metz et al. [121] use the following conditional
as a decision rule: if a sedentary, overweight adult has fewer than 150 steps in the previous 40 minutes,
then offer this user a randomized intervention, like walking, from an intervention option set.
Proximal outcome is the short term goal of an intervention. Suh et al. [124] explore a JITAI for workplace
stress, making mitigation of stress the short-term goal of the intervention.
Distal outcome is the long-term goal, which is targeted through the proximal outcome. In Suh et al. [124]’s
study, mitigating stress in the workplace is meant to enhance employee well-being in the long-term.

Following this architecture, the intervention is triggered by contextual information, thus delivering the
appropriate dosage of support to the individual for a given health goal at the opportune moment [46]. JITAIs, a
specific type of Digital Mental Health Intervention (DMHI), show promise across multiple domains, with notable
effectiveness in promoting smoking cessation, providing mental health support, increasing physical activity, and
reducing substance use [42, 49, 85, 109, 141]. The prevalence of mobile devices led researchers to focus on merging
established behavior intervention philosophies with the possibilities offered by mobile technology [97, 122, 132].

A newer challenge now faces researchers with the rapid integration of ML into the broader healthcare landscape,
particularly its role in developing JITAIs, which represent a valuable application within the wider context of
patient-facing ML. ML-driven JITAIs are more sophisticated and data-intensive than rule-based JITAIs; for
example, they can process information in real time to inform future decision-making [121].

These systems frequently employ ML techniques, such as supervised learning to classify and predict high-risk
states (e.g., smoking relapses), and reinforcement learning (RL) to optimize intervention delivery by determining
the most appropriate timing, frequency, or content (e.g., suggesting a brief stretch instead of a walk when the
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user is at work) [48, 73, 108, 121]. ML thus plays a crucial role in enabling JITAIs to manage highly dynamic
health states, such as prenatal stress [121, 139]. Given their profound public health implications, ML-driven
JITAIs are advancing intervention capabilities, with notable progress in detecting and anticipating moments
of vulnerability, receptivity, and relevant tailoring variables [47, 64, 88, 107, 154]. Behavioral lapses that cause
individuals to abandon intended health goals can be estimated by analyzing data on physiological changes,
cognitive factors, and contextual or environmental triggers. For example, predictive algorithms have been trained
and tested on EMA and sensor data to forecast smoking relapses [107] and predict overeating lapses during
dietary adherence [47]. Consequently, ML algorithms within JITAIs have the potential to facilitate proactive,
preventive care and offer personalized support. Through our work, we argue that to translate this potential into
meaningful impact, we must ask individuals if and what they need from such systems and incorporate their
viewpoints and attitudes into JITAI design.

While this new generation of JITAIs hold promise for enhancing patient well-being through adaptive capabilities,
ML-driven JITAIs face persistent challenges, including substantial data requirements, suboptimal end user
engagement, the continued challenge of determining receptivity, and limited interpretability [20, 48, 61, 88, 93,
121, 124]–challenges that underscore the need to actively solicit user input in their design and deployment.

This introduces design complexities that co-design with users can help clarify and navigate, such as accurately
modeling the temporal dynamics of a user’s state (e.g., the frequency and duration of a patient’s symptoms);
previous work suggests HCI methods as well-suited to address these challenges in the context of JITAIs [26, 61].
Therefore, as these models continue to improve and become more integrated into JITAIs, it is critical to shift
focus from development and involve patients in defining design requirements for this increasingly intelligent
technology.

2.2 End User Perceptions of JITAIs
Many JITAI studies have focused on feasibility, engagement, and general acceptability in domains such as
smoking cessation and physical activity; for example, JITAI trials for smoking cessation have reported high
participant satisfaction and feasibility outcomes and JITAIs for physical activity have shown strong feasibility
and acceptability metrics [85, 147]. Systematic reviews of JITAIs focus on defining core components and focus
on prospective impact of in-the-moment, adaptive support, but these works typically prioritize the theoretical
underpinnings not how users perceive adaptive behavior in anticipation of use [53].

A smaller subset of work has sought to elicit user perspectives on JITAIs, such as a recent focus group study with
adult smokers (and smoking cessation professionals) that identified domain-specific preferences; however, they
relied on focus groups to explore perspectives not exclusively focused on users, and did not engage non-expert
users in co-design, limiting their ability to generate actionable design insights for JITAIs [72]. At the design level,
there is a growing call for more involvement of the user during early-stage system ideation [50, 61]. User-centered
approaches like the one proposed by Kabir et al. [61] illustrate how early input from end users, elicited through a
medium-fidelity self-tracking prototype, can shape tailoring variables and decision rules, providing value during
the conceptualization and nascent design stages of a JITAI. This work reinforces our shared commitment to
human-centered JITAI design.

Prior studies, where JITAI design was guided by theory and literature, demonstrate the importance of soliciting
user feedback. For example, feedback helped show that motivational messaging can increase physical activity,
context-aware messages encourage breaks during prolonged sitting, and sensor-based reporting (versus self
report) can support smoking cessation while maintaining high user engagement and satisfaction [58, 85, 98, 99,
101, 136, 147]. Together, these contributions illustrate how theoretically grounded systems and personalized
delivery strategies can result in meaningful behavioral and engagement outcomes. Building on this foundation,
in our study we involve users more purposefully in co-design and earlier in the JITAI design process, focusing

Proc. ACM Meas. Anal. Comput. Syst., Vol. 37, No. 4, Article 111. Publication date: August 2018.



111:6 • Ulloa et al.

not only on evaluating and optimizing implemented systems, but on collaboratively shaping how JITAIs are
envisioned, interpreted, and designed prior to development.
User feedback has proven valuable in these contexts. We extend this approach by focusing on early design

questions and challenges for JITAIs that intend to embed ML techniques. Our work aims to uncover user concerns
about the technology, explore how it can best fit into daily life to support sustained adherence and engagement,
and identify opportunities to better align JITAI design with the day-to-day benefit these interventions are
intended to provide, before implementation. More specially, our study takes a PD, scenario-based approach
to investigate how pregnant people conceptualize and evaluate a hypothetical ML-driven stress JITAI before
in-the-wild implementation. By presenting scenarios of ML-driven JITAIs for prenatal stress (Figure 2 in Methods),
grounded in the principles of PD, and eliciting user perceptions of fit in daily life, as well as concerns they may
have about ML use in this category of JITAI, we aim to address the gap between high-level, expert-driven JITAI
frameworks and algorithms and their real-world value, as defined by users.

2.3 Designing Patient-Facing Machine Learning (ML) for Healthcare
ML is increasingly prominent in healthcare, with tools ranging from clinical applications, like image analysis in
radiology and treatment selection, to emerging patient-facing interventions for everyday health and well-being
management [14, 59, 66, 129–131, 140, 142, 151]. While ML’s pattern recognition capabilities drive more accurate
diagnoses, streamline clinical workflows, and personalize interventions, its application faces challenges including
data quality, technical complexity, interpretability, and ethical considerations [18, 69, 122, 131, 135].

Although ML-driven JITAIs are a relatively new class of adaptive health interventions, design guidance can be
drawn from the broader literature on ML systems for healthcare. Prior work has shown that when the design
of ML tools in healthcare engages patients, clinicians, and other stakeholders, system usability improves and
model development better aligns with individual values and daily life [89, 135]. Participatory approaches can help
JITAIs move beyond technical optimization to support meaningful, contextually relevant forms of care, fostering
mutual understanding between complex ML processes and the individuals who rely on them [22]. In this context,
HCI research plays a pivotal role, as the opacity, complexity, and rapid evolution of ML technologies challenge
the definition of stable, patient-centered design requirements [149].

To address these challenges, HCI researchers often employ human-centered or value-sensitive design methods,
such as surveys, interviews, or co-design sessions, to engage users throughout development [1, 2, 43, 61].
These methods can be adapted into creative subtypes, including comic boarding and storyboarding, as in our
study [29, 69, 133]. Conducting this work in patient-centered contexts requires particular sensitivity, as health
outcomes, such as the distal effects of prenatal stress, may be directly at stake. Patient mental models and
subjective understandings of their conditions often differ from the assumptions embedded in ML training data
[3, 151]. For individuals without ML or technical training, this technology’s often inscrutable logic intended to
support personal health decisions [75]. Therefore, to engineer more effective and value-aligned ML-driven JITAIs
for prenatal stress, we address research questions capturing individual appraisals of these systems and how they
wish to interact with such technology.

2.4 Interventions for Prenatal Stress and the Integration of Machine Learning
Prenatal stress is a global health issue posing major health risks for both the pregnant person and their child. In
the pregnant person, prenatal stress can lead to pregnancy complications and is a risk factor that predicts perinatal
depression and anxiety symptoms [119]. In children, prenatal stress has been linked to slower infant development,
childhood diseases, and neurodevelopmental vulnerability to mental health problems [30, 31, 113, 125].

Interventions leveraging cognitive behavioral therapy (CBT), interpersonal therapy, andmindfulness techniques
have helped effectively reduce prenatal stress [7, 27, 32, 120]. An evidence-based CBT example is the Mothers
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Fig. 1. To predict next-day physiological and perceived stress, a minimum of 8 hours of sensor data is needed and 1/5 of the
EMAs need to be answered during the pregnant person’s self-identified wake window. These predictions offer the opportunity
to provide an intervention at the end of the first wake window or into the start of the next wake window.

and Babies (MB) program [27], with multiple randomized controlled trials (RCTs) showing high effect sizes
[28, 126–128, 139]. Though MB alone is efficacious, prior MB trials found individuals experiencing higher stress
levels are less likely to receive the full intervention dose, limiting exposure to core MB skills. Recent advances in
ML by Ng et al. [101] have facilitated stress monitoring and detection, helping address this limitation. The models
developed use EMA and sensor data to predict next-day prenatal perceived and physiological stress (we provide
more detail in 3.1). These types of ML advancements enable expanding CBT-based interventions by adding
adjunctive interventions that provide in-the-moment support in between CBT training sessions. Combining ML
with CBT suggests that continuous stress monitoring can enable JITAIs during pregnancy to reinforce CBT skills,
like those taught in MB, in response to real-time stress.
While prior work supports the development of an ML and CBT-driven JITAI for prenatal stress, in our work,

we take a step back and explore the opportunities and limitations of integrating ML into JITAIs from the pregnant
people’s perspective.

3 Methods
To understand whether and how pregnant people would like to engage with a hypothetical stress prediction
JITAI, and the underlying ML that would drive such an intervention, we conducted 20 individual design sessions,
which took an average of 60 minutes. As the context of our work is motivated by existing stress prediction models
developed by Ng et al. [101], in 3.1, we explain how ML-driven stress predictions currently function for pregnant
people. In 3.2, we describe our data collection process, covering storyboard creation and rationale. As we will
elaborate, we used storyboards to elicit perspectives of potential ML-driven JITAI features. We then describe our
participant recruitment process. Finally, in 3.3 we describe our methods for analyzing the data.

3.1 The Development of Next-Day Prenatal Stress Predictions
While our work focuses on perceptions of next-day prenatal stress JITAIs, here we provide some of the background
behind the models that have already been created to output next-day stress predictions, highlighting the current
state of the technology and the timeliness of our study. Continuous stress monitoring and early prediction
of prenatal stress are being facilitated by advances in sensor technology (i.e. adhesive sensor that collects
physiological data; see photo in supplemental material) and predictive analytics (i.e., ML). ML research, lead by
our co-author, Alshurafa and team Ng et al. [101], demonstrated the feasibility of predicting next-day stress in
pregnant people by capturing and analyzing both perceived stress (subjective feeling of being unable to cope)
and physiological stress (the body’s automatic, biological response of elevated heart rate and cortisol levels to
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stressors). The perceived stress models were developed to predict next-day stress using EMAs. In parallel, a
physiological stress model was developed using electrocardiography (ECG) and inertial measurement unit (IMU)
sensor data collected during participants’ waking hours (labeled as “wake window” in Figure 1). To support model
development, participants were asked to wear the sensors for 8 to 24 hours per day. This data was then used to
predict the risk of elevated stress over the next 24 hours.

The resulting prenatal stress models successfully predict perceived stress 74.4% of the time and physiological
stress 83.6% of the time [101]. This opens the door to a prenatal stress JITAI by using these models to push
preventive stress reductions exercises to pregnant people. While the optimal intervention window is not yet
known, these predictions present an opportunity to offer preventive intervention at the end of the eight-hour
window, and during the following 24 hours, such as at the start of the person’s next wake window [63, 79, 101].
However, this remains a hypothetical prenatal stress JITAI, and its true value depends on pregnant people’s
expectations. Building off Ng et al. [101]’s contribution, which prioritized algorithmic implementation, our work
explores key open questions (Table 1) around whether people see value in receiving personalized CBT support
tailored by ML to anticipate stressful days.

3.2 Storyboard-based study, Instrument Design and Data Collection, and Participant Recruitment
We begin this section by discussing the value of storyboard-based design sessions, a proven HCI method in
helping participants envision the future of technology (3.2.1) [29, 133]. Next, we describe how we designed and
applied the storyboards during our design sessions, as the creation and use of the storyboards are mutually
informative (3.2.2). Finally, we detail participant recruitment (3.2.3).

3.2.1 Storyboard-based Design Sessions. The existing work on ML-driven JITAIs for prenatal stress focuses
primarily on optimizing model performance [101]. However, this alone is insufficient to meet the real-world
needs and contexts in which pregnant people would use these tools.
Recognizing the value of storyboard-based design sessions for future-state ideation in driving

alignment between technical feasibility and human needs, we created five storyboards based on each
of our five research questions (Table 1 and 3.2.2). Storyboards serve as a visual narrative to explore potential
solutions early in the design process; they allow participants to collaborate with the researcher, find gaps, and
discuss assumptions about the proposed technology before narrowing on design choices, like features, or even
developing or deploying the technology [29, 133]. By using storyboards, researchers can facilitate collaborative
design sessions that move beyond verbal dialogue, empowering participants to engage with visual representations
of envisioned technologies.
Moreover, we used the storyboards to visually guide the participant through a relatable story of a pregnant

individual, “Aria”. We included a second character, “LUCA” (Lowering Unwanted Cortisol Activity), a text-based
agent embodying an ML model, capable of predicting future instances of stress and delivering timely CBT and
mindfulness recommendations. In the storyboards we decided to have LUCA interact with Aria via messages, as
we’ve seen a shift toward DMHIs delivered as text messages in recent years [67].

Textmessaging is a valuablemethod for delivering interventions due to its accessibility, especially for individuals
who may be hesitant, or simply lack access, to engage with formal mental health services [80]. Prior research has
shown that text-based interventions can have comparable efficacy to in-person approaches [78]. As one of the
most used forms of interpersonal communication across demographic groups [100], and not requiring internet
access [143], there is growing support in the literature for leveraging text messaging and related modalities to
meet users where they are in their daily life [33, 41]. As such, we drew significant inspiration from text messaging
interventions, recognizing their potential. However, text messaging approaches can often be rudimentary due
to engagement challenges. Simple decision trees driving text messaging tend to become repetitive, which have
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Fig. 2. We designed five storyboards, each focusing on a different property of ML-driven JITAIs. Each storyboard includes
three modules: a scenario of potential functionality, a reflection activity, and preliminary designs to foster further reflection
and future-state ideation. In the storyboards, "Aria" is a representative end user, and "LUCA" is the ML-JITAI that provides
next-day stress alerts and recommendations to reduce prenatal stress.

led to user dissatisfaction and eventual disengagement [65]. In light of this gap, we saw the need for designing
LUCA as a more intelligent conversational agent for Aria to engage with, going beyond basic text messaging.
More plainly, we used Aria to help pregnant participants situate themselves and LUCA to facilitate deeper

reflection through a potential JITAI, capable of sending intelligent, conversational prompts beyond the limitations
of standard text messages. This setup allowed us, for instance, to ask participants to imagine themselves as Aria
and consider how they might respond when LUCA delivered messages, such as: “Imagine you are Aria, and LUCA
tells Aria: ‘I think today would be a good day for a mindfulness activity [...]’, What would you say to LUCA?” In
storyboards described below, we depict and explore in more detail the interactions between Aria and LUCA.

3.2.2 Instrument Design and Data Collection. Here, we further describe our development and application of
the storyboards, as these are closely related. Each of the five storyboards included three modules: a scenario, a
reflection activity, and a design feedback activity. Figure 2 shows an overview of these three modules, and our
supplemental material contains the five storyboards, followed by the list of questions asked to participants. First,
we introduced the scenario to the participant, helping describe what was technologically feasible and intervention
possibilities. Second, we used reflection to elicit participant comments, questions, concerns, and preferences.
Lastly, we offered designs we prepared prior to the design sessions with the goal of soliciting feedback and
fostering even further future state ideation with each participant. All participants saw the same five storyboards
(i.e., scenarios, reflection activities, and designs for feedback).

We began the sessions by discussing how common stress is for people, especially throughout pregnancy
stages, and thanked participants for sharing their personal stress experiences and management strategies with
us. Although we recruited and conducted sessions with both pregnant people and those who were up to one
week postpartum at the time of the design session, the focus of our study remained on stress experienced during
pregnancy. Therefore, when we met with postpartum participants we explicitly asked them to discuss their
experiences during pregnancy, rather than the postpartum period.
Given that our work focuses on understanding the perceived value of ML-driven JITAIs, we illustrate in

Table 1 how we triangulated each Research question (column one) with a storyboard showing an Interface
ML Property or fit in daily life (column two), and a JITAI component (column three). Additionally, in each
storyboard described below, we highlight the corresponding RQ number, the Interface ML Property we, and the
JITAI component depicted. We based our JITAI components on the original JITAI framework by Nahum-Shani
et al. [97]. The following list outlines the design and application of each storyboard, used as our instrument for
data collection. Please refer to Table 1 as you read.
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Research question (RQ) Interface ML
Property

JITAI component

RQ1: How do pregnant people feel
about sharing stress data through
a sensor and EMAs to guide a
stress-prevention intervention?

Perceived
Comfort with
Data Input
Sources

Decision point:We asked pregnant people about
their comfort with input sources (sensor and
answering EMAs), as ongoing data collection
through these allows for consideration of multiple
possible points for decisions about intervention
delivery

RQ2: How does the potential to
predict next-day stress—using
perceived stress and physiological
stress—align or disalign with
pregnant peoples’ needs and goals?

Perception of ML
Stress
Predictions

Proximal and distal outcomes:We asked
pregnant people to consider the ways a stress
prediction could affect proximal outcomes like next
day stress and distal outcomes

RQ3: How do pregnant people
imagine using a JITAI, that could
predict next-day stress, in daily
life?

Perceived Fit in
Daily Life

Tailoring variable (receptivity):We asked
pregnant people when in their schedule they would
most likely be able to engage with the intervention

RQ4:What questions do pregnant
people have about the use of ML to
generate next-day stress
predictions?

Perception of
Intervention
Explanations

Intervention options: We presented pregnant
people with the recommendation alongside three
types of explanations (local, global, counterfactual)
on why a stress intervention is being suggested

RQ5: What perceived benefits and
concerns do pregnant people have
towards next-day stress prediction
interventions?

Perception of
Uncertainty of
the Prediction

Tailoring variable (frequency):We presented
false positives and false negatives to learn how
pregnant people feel about receiving the
recommendation more or less often

Table 1. Each of the five storyboards highlighted an interconnected research question, interface ML property (or fit in daily
life), and a JITAI component. This method helped us guide inquiry into how the perceptions of pregnant people may align (or
not) with a hypothetical ML-driven JITAI for next-day prenatal stress predictions.

(1) Perceived Comfort with Data Input Sources:
As we show across the second row of Table 1, RQ1 in column one guided the design of this storyboard

to understand participants comfort and concerns around stress data sources being considred for preventive
stress JITAIs. Specifically, we showed participants a sensor and EMA, which were used to collet data for the
physiological and perceived stress modeling work by Ng et al. [101].
To capture perceived comfort with data input sources (i.e., the Interface ML Property in column two), we

presented the participant with a scenario where where Aria uses both the sensor and EMA to capture her
stress data. We illustrated Aria using the flexible, band-aid-like, wearable sensor to collect physiological stress
data that Ng et al. [101] used, and then depicted Aria completing daily phone-based surveys (i.e., EMAs) to
capture perceived stress data. After introducing this initial scenario, we then asked participants to reflect on
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the data collection process, probing them on comfort level, data sharing preferences, and any questions and
concerns regarding the two types of data collection methods.
Finally, in the design feedback portion, we asked about the frequency at which the participants would

be willing to complete surveys and perceptions about wearing the sensor. Understanding pregnant people
perceptions of the ongoing data collection via the sensor and EMA is vital, as it is what allows for consideration
of multiple decision points, which determine a time at which an intervention decision should be made [97].
This corresponds to the JITAI component depicted in column three.

(2) Perception of ML Stress Prediction:
We use RQ2, presented in the third row of Table 1, along with the information across that row, to guide the

creation of this storyboard. We developed this storyboard introducing theML stress predictions (column
two), featuring LUCA to the participant. We invited participants to reflect on both the proximal and distal
outcomes (column three) of the intervention by considering how a just-in-time stress prediction might
influence their next-day stress and its longer-term implication [97]. We also asked them to share any questions
or concerns about the system’s ability to accurately predict stress and deliver appropriate support.
We began the section with a scenario where Aria downloads the LUCA application, which can review

Aria’s stress data. In this section, LUCA says, “I reviewed yesterday’s sensor and survey data. Based on your
data, I predict that completing a mindfulness activity will be helpful. The activity will take a few minutes to
complete and can help reduce anxiety and stress levels.”
Next, we asked participants to reflect on whether the predictions made sense to them, what, if any, value

they associated with these predictions, and what may factor into their decision-making process to engage
with the prediction. We included this as a starting point to encourage participants to consider how predictions
are presented to them and what language and tone they prefer.
In the design feedback portion, we focused on whether they require additional interaction with LUCA,

such as further questioning, to fully grasp the output predictions’ implications.

(3) Perceived Fit in Daily life:
In Table 1, row four, we show how this storyboard unpacks RQ3 to investigate perceived fit of this

technology in daily life. This approach helps us assess the potential integration ML interventions into
pregnant peoples’ everyday routines from their perspective. Understanding perceived fit in daily life
(column two) is useful for developing tailoring variables (receptivity)—variables that guide when the
intervention should be offered (column three) [97]. Previous literature also motivated this section, citing
receptivity challenges [6] and other obstacles to the integration of mobile health (mHealth) tools in the user’s
everyday life when misaligned with user priorities [89, 116, 145].
The format of this section was largely informed by Ng et al. [101]. While Ng et al. [101] showed the ability

to predict elevated stress using a 24-hour window, as shown in Figure 1, questions remain unanswered
regarding when individuals would most like to engage in an intervention to reduce or prevent stress during
that time frame. By capturing physiological and perceived stress, using sensors and EMAs, during the first
wake window, we may be able offer the pregnant person an intervention:

(a) at the end of the first wake window, once at least eight hours of sensor wear time and at least one
EMA have been completed, or

(b) at the beginning of the following wake window.

To capture participant preferences, the scenario we showed participants depicted LUCA chiming in,
informing Aria that based on the previous day’s data, they would benefit from a mindfulness activity. We

Proc. ACM Meas. Anal. Comput. Syst., Vol. 37, No. 4, Article 111. Publication date: August 2018.



111:12 • Ulloa et al.

use this solution-focused framing, rather than centralizing stress prediction scores, as the suggestion to the
individual of future stress (e.g., “your data suggests you will experience elevated stress levels tomorrow” ) could
induce a self-fulfilling prophecy or state of anticipatory anxiety (worrying about the future). We then asked
participants to think about their daily routine and evaluate when (morning, daytime, or evening) would be
the best time for them to engage with LUCA and possible barriers they foresee.

(4) Perception of Intervention Explanations:
The penultimate row in Table 1 showsRQ4 in column one, which guided our creation of this storyboard. We

aimed to capture participant’s perception of intervention explanations (column two) we designed prior to
the design sessions. Following the same structure as the other storyboards, this storyboard focuses on a JITAI
component: intervention options (column three). To operationalize this component, we presented pregnant
participants with stress-management recommendations. Nahum-Shani et al. [97] defines interventions options
as the media used to deliver support or the types, sources, or amounts of support. We also accompanied these
intervention options with three types of explanations (local, global, and counterfactual), clarifying why an
intervention was suggested.
We started the session with the scenario of LUCA suggesting an intervention option, a mindfulness activity,

to Aria. The intervention option also allowed Aria to reply to LUCA with ‘Yes’ to accept the intervention,
‘No’ to reject the intervention, or ‘Why?’ to question why LUCA suggested the intervention. We then asked
participants if they would be interested in knowing why an activity is being suggested. If so, we asked
what kind of answers they would expect to receive from LUCA and to describe it further. After participants
described the envisioned explanation they would expect, we showed all participants the same designs we
prepared pre-session of three existing explanation types, including global, local, and counterfactual, and asked
for their feedback (see supplemental material).

During the design sessions, the global explanation scenario shows Aria receiving an overview of how LUCA
makes its recommendations based on data, applicable to the general patient population. We decided to show
global and local, as these explanations have been widely used in past work. Global explanations (e.g., feature
importance or partial dependence plots) offer a broad understanding of the model to the user; in contrast, local
explanations (e.g., SHAP or counterfactual explanations) narrow in on individual predictions [82, 83, 138].
The local explanation scenario showed Aria receiving a personalized explanation for a recommendation
from LUCA. The counterfactual scenario illustrated changes to the inputs would have changed a particular
outcome. Across the three explanation, we asked participants to share their understanding and feelings on
each.

Counterfactuals introduce "what-if" scenarios, like what could be changed to get a different result, which
help individuals think about causality and control and differ from the descriptive form of global and local
explanations [12]. The counterfactual explanation we designed from LUCA to Aria—explicitly shown in
supplemental material—is primarily a Better-World Counterfactual (also known as an upward comparison).
We selected this type of counterfactual since a Better-World Counterfactual is recommended to help the user
understand an ML system and make inferences about its future performance. The counterfactual explanation
LUCA shows Aria is also an Additive Counterfactual, as it presents controllable actions that Aria could
take [12], aligning with PD’s core principle of empowering the user to take control.

(5) Perception of Uncertainty of the Prediction:
As shown in the last column of Table 1, RQ5 informed the creation of this storyboard, focused on under-

standing pregnant people’s perception of uncertainty of the prediction (column two). We focused the
storyboard around false positive and false negative occurrences, as this can inform JITAI tailoring variables
(frequency) in column three, guiding decisions around confidence thresholds and the frequency in which
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recommendations should be provided [97]. More broadly, we aimed to address the inherent uncertainty in
ML models, especially related to mental health [24, 84, 151] and capture thoughts of benefits and concerns
that participants had towards ML-driven interventions.
We began the design sessions by presenting false positive and false negative scenarios (e.g., “Imagine LUCA

has told you that you are stressed and offers you a mindfulness activity, but you don’t feel any stress” ) to the
participants. Then, we engaged participants in reflection with a specific question: “Imagine Aria has been
stressed for the last few days. However, LUCA has not noticed the stress and has not sent her a mindfulness activity
notification. What would you do if you were in Aria’s situation?” The purpose behind posing this question
was threefold. Firstly, it seeks to understand how participants perceive and react to uncertainty and errors
in ML recommendations. Second, the participants’ responses are instrumental in understanding how users
interpret and trust ML-provided information, thereby guiding the development of more transparent ML tools
that align with user comprehension and uncertainty tolerance levels. Finally, we asked participants if there
were aspects about a tool like LUCA that remained unclear to them or other areas the research team should
consider including in the session.

3.2.3 Participant Recruitment. Patients were eligible to partake in our study if they were 18 years and older,
pregnant or up to one week postpartum, fluent in English, residing in the United States of America (USA), and
not experiencing severe mental health concerns (e.g., bipolar disorder, schizophrenia). With our university’s
Institutional Review Board approval, we recruited eligible participants during the summer of 2023 from Obstetrics
and Gynecology (OB/GYN) inpatient settings within an academic, teaching hospital in the USA. Over a five-week
recruitment period, a research team member would routinely screen the Electronic Medical Record (EMR) for
hospital patients receiving antepartum care and postpartum patients at the hospital.
To screen participants, eligible antepartum patients were approached at the hospital on the same day of

screening, with approval from inpatient clinical staff. Although the study is meant to capture prenatal perspectives,
we also recruited participants who were 1–3 days postpartum. These individuals were included because their
prenatal experiences were recent and still salient, allowing them to provide meaningful pregnancy-related stress
experiences. Additionally, these postpartum patients were only approached if they were clinically stable (i.e. did
not experience any adverse delivery or postpartum outcomes such as postpartum hemorrhage) in the hospital
during their 1 - 3 days postpartum stay. Including this group allowed for broader participation by those who
showed interest in the study’s context while maintaining relevance to the prenatal period. All participants,
pregnant or recently postpartum, were asked the same questions in the design sessions.
All interested patients were provided with the study flyer, which included a link and QR code to the online

screening form. Those eligible proceeded to complete a demographics survey. Both forms were hosted on REDCap
(Research Electronic Data Capture), a Health Insurance Portability and Accountability Act (HIPAA)-compliant,
secure web-based survey instrument. Participants were contacted via email to schedule their design session with
a research team member. All participants chose to meet virtually after being offered the option to meet either
virtually or in person. In total, 20 eligible patients (between 27 - 38 years old and currently pregnant or up to one
week postpartum) enrolled in the study and participated in the design sessions (Table 2). Participants received a
$50 Amazon gift card for their participation.

3.3 Data analysis
We used qualitative thematic analysis [9] to analyze the semi-structured interview data collected as part of our
investigation. To initiate the data analysis process, all of the interviews were transcribed via a HIPAA-compliant
transcription service company and reviewed by the research team. After this step, we initiated inductive coding of
the dataset. Three team members began by independently open-coding a randomly selected 25% of the full dataset.
Then, each coder, in turn, presented the research team with initial observations, engaged in open discussion of
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Characteristic Percentage, n(%)

Race/Ethnicity White 50%
Black 30%
Hispanic/Latino 10%
Asian 5%
Unknown 5%

Education Master’s degree or above 45%
Bachelor’s degree 25%
High school diploma 30%

Income > $200K 45%
$100K – $200K 5%
$50K – $100K 20%
$25K – $50K 25%
< $25K 5%

Health Insurance Private 60%
Medicaid 20%
Unknown 20%

Age 23–27 20%
28–32 35%
33–38 45%

Marital Status Married 65%
Single 15%
In a committed relationship 15%
Separated 5%

Table 2. Above, we detail the demographics of the 20 pregnant people who participated in our study.

these observations with the full research team, and examined similarities and differences in our independent
analysis during coding comparisons. The first round of coding resulted in substantial overlap related to themes
of participant preferences and pain points when using ML for stress predictions. We engaged in five additional
rounds of coding with the team. During each round, the research team met to discuss and converge on different
perspectives we observed within the data. Through this process, we moved from identifying specific codes to
broader categories and patterns within the data. Using the themes established through this iterative process, the
first author reviewed all transcripts with the final codebook to validate theme prevalence within the data.

3.4 Positionality Statements
We acknowledge that while our research team includes members from a range of backgrounds, including women,
immigrants, ethnic minorities, and individuals across career stages, our composition still represents only a
subset of the broader population. As such, we are conscious of how our own lived experiences, positionalities,
and disciplinary orientations shaped the study’s design, analysis, and interpretation. We approached this work
through a constructionist lens, recognizing that knowledge does not simply emerge from the data in a vacuum
but is co-constructed through social interaction, both with participants and within the research team.
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We developed our thematic analysis through collaborative, interdisciplinary discussion, with coding lead by
authors trained in qualitative analysis, and refined in team-wide sessions that included undergraduate, graduate,
and senior researchers from ML, HCI, and psychology. These open dialogues served as opportunities to reflect on
how our diverse perspectives, informed by a constructionist lens, influenced the ways we interpreted what we
were learning from the data. An early-career researcher who was relatively new to JITAI research, for instance,
drew attention to how participants expressed a desire to understand the framework itself, rather than simply
receiving predictions from LUCA. This perspective led to discussions within the team, particularly with more
senior researchers who had extensive experience with JITAI design and modeling. These interactions are directly
reflected in our findings, in themes such as participants’ need for JITAI framework clarity and participants
non-compliance, rejecting a suggested intervention being the end point. Therefore, our thematic analysis not
only amplifies participant voices but also captures a balanced integration of diverse perspectives within the
research team.

Additionally, ML work previously completed by Alshurafa and team [101] provided an ML lens on the earlier
modeling that predates this study; however, our present study is more heavily influenced by HCI principles. In
particular, we center the lived experiences of pregnant individuals rather than focusing on optimizing predictive
models. Approaching this endeavor through design sessions to empower participants through design thinking
further reinforced our constructionist approach, enabling collaborative meaning-making and layered exploration
of stress experiences with storyboards, which can be observed in the thoughtful and scaffold nature of the PD
method we designed and implemented. Throughout the project, we engaged in reflexive practices challenging
each others assumptions and fostering productive disagreement.

4 Findings
Participants detailed several preferences for interacting with ML-driven JITAIs for prenatal stress. Specifically,
participants envisioned the use of the intervention in daily life, sharing the following expectations that need to
be considered in future designs:
(1) flexible engagement to meet the variable demands that arise during pregnancy (4.1), which addresses

RQ2, as a tool aligns with a pregnant person’s goals only when it meaningfully accommodates the wide
range of their day-to-day routines,

(2) support in building amentalmodel of JITAI functionality (4.2), which answers RQ4, as pregnant people
have specific questions about system functionality (how does their personal data drives the intervention
options?), and RQ5, given that participants concerns can be addressed by providing clear evidence of both
short-term outcomes and long-term benefits,

(3) interactions that differentiate between non-adherence and non-compliance (4.3), answering RQ3, as
individuals envisioned using JITAIs in daily life by engagingwith the system’s suggestions through real-time
feedback and disagreement, and

(4) reciprocal learning (4.4), which drove their own willingness to interact with the technology. This answers
RQ1, as participants expected their efforts to routinely share stress data via sensors and EMAs should be
met with a meaningful benefit—namely, enhanced personalization.

4.1 Engagement Flexibility While Managing Competing Demands During Pregnancy
Participants expressed a strong desire for flexible engagement with ML-driven JITAIs for prenatal stress, because
of the high levels of uncertainty associated with this phase of life. This uncertainty was especially pronounced
among participants with prior negative pregnancy experiences, who described pregnancy as an inherently
unpredictable and complicated period. For example, (P2) shared, “Overall, I’m excited, but then obviously there’s
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also these complications that arise, so it’s just not knowing what will come next. It’s like this uncertainty. I have
no live kids, but I’ve been pregnant before. I don’t know, it’s just this uncertainty.” Like (P2), many participants
reported experiencing heightened uncertainty during pregnancy. As a result of this uncertainty, they expressed
being interested in technology that can anticipate stress, valuing ways to prepare for the unknown and regaining
a sense of control.
While participants saw next-day stress predictions as valuable during pregnancy, they revealed needing

flexibility to engage with the intervention. Several participants discussed having uncertain daily routines, both
due to work and home demands. Accordingly, multiple participants noted they would need to schedule time with
LUCA around their work schedule and their children’s routines. For instance, (P1) said, “I do have a [five-year-old]
son already, so once I get off work, pick him up from school, it’ll just be towards the evening after he had dinner, had
his bath, and winds down, then it’ll be like my time for me, so then I’ll be able to do it.” Similarly, (P19) stated, “it
would be morning before my kids wake up, since I wake up before them, so I can get more stuff done.”
Other participants were grappling with even less certain routines, and required the ability to respond at

variable time points. For example, while morning and evening make sense because they are periods of the day
for, “winding up or winding down” (P8), (P6) added, “I go through phases. [For example,] I’m in the hospital right
now, so I think it just depends on where I am at in life and what’s going on.” Importantly, not everyone had a
set routine or preferred time to engage LUCA. (P8) shared, “I’m not a good account of somebody with a normal
routine because I very much don’t have one. Every day of my week is different; I don’t work a normal nine to five
job. I’m a freelance voice teacher, so I have a different number of students throughout the day and throughout the
week (based on their after school hours or after summer camp). My routine is consistently inconsistent.” The need for
flexibility reported by participants directly informs our goal of understanding how an ML-driven JITAI aligns
with the needs and goals of pregnant people (RQ2). However, this requirement for user-controlled flexibility
highlights a point of friction: it represents a need that stands at odds with the automated, preset logic typical
of JITAI design. We explore the implications of balancing system logic with a need for flexibility further in 5.3.
Overall, participants perceived next-day stress predictions as being valuable, but communicated the importance
of personalized, flexible support that could adapt to different or changing routines.

4.2 Support Pregnant People in Building a Mental Model JITAI Functionality
Using the research questions in Table 1 (see Methods) as a guide, which align with common JITAI components
[95], we report on the opportunities participant detailed to help them develop a clearer mental model of how the
intervention works.

During the design sessions, participants shared ways to help them better understand this technology
(RQ4) and address concerns about how it works (RQ5), in particular across four different components of
the JITAI framework (Figure 3). In discussing the design of stress prevention interventions, many participants
asked for more information on the sources of the model’s predictions and how engaging with the intervention is
intended to impact proximal and distal outcomes. Specifically, they wanted to confirm:
(1) their input data is being valued and leveraged within the intervention,
(2) how their input data drives intervention options,
(3) evidence supporting the intervention’s expected proximal outcome and,
(4) help connecting the intervention to long-term benefits.

Generally, participants expressed that by better understanding how the intervention components were related,
they would feel more inclined to accept behavioral recommendations.
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Fig. 3. Above, we illustrate four core components of the JITAI framework that participants wanted to better understand in
order to build a coherent mental model of how the system operates. From their perspective, insight into these elements was
key for making sense of the tool and addressing skepticism about its intended impact.

4.2.1 Confirm input data is being valued: Many participants wanted to confirm that the data they shared
was being valued and used within the intervention. (P10) expressed that their trust in the intervention would
increase if they were assured, and could verify, that the recommendations were based on their own data, “If I
knew that LUCA was taking the direct data from my stress monitor, I would probably trust that it was right and it
was working.” (P1) also wanted to know whether their input data was incorporated into the intervention, asking,
“Well, how can you predict that based on today? Where did you get that from?” They further noted that it would be
more logical if the tool explicitly clarified that their data, “what I reported [via the EMA and sensor]”, was being
used to generate the prediction.
Knowing what types of data (e.g., heart rate, step count and other applicable tailoring variables) are going to

be used for selecting an intervention was significant to participants, such as (P16): “whatever information is going
into LUCA’s decision-making about why they’re recommending it, [the intervention]. If it is the higher heart rate,
then being specific about that. If it’s step count, if it’s based on a conversation that I had with LUCA or whatever,
just anything more specific would be helpful.” Participants found it particularly intriguing to observe how the
user-supplied data could be applied within the intervention. Pregnant people noted that gaining more insight into
this process helped them develop a clearer understanding of how JITAIs function, especially forming a clearer
understanding of whether and how individual-level data informs the system’s recommendations and decisions.

4.2.2 Connect input data to intervention options: Beyond wanting to ensure that their input data was
reflected within the intervention (as shown above), participants also wanted to know how their data guided
decision rules and the suggested intervention options. When their data fell outside the typical range, participants
were curious about how such deviations influenced the intervention’s recommendations andwanted to understand
the connection between these changes and the system’s guidance. Reflecting during the co-design session, P6
stated, “So it’s giving me information about how to reduce my heart rate below 100 but it doesn’t tell me if I need
it. Has my heart rate been above 100? Is that why LUCA is worried about me or suggesting this?” Along the same
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lines, (P5) expressed a desire to understand the reasoning behind a recommendation, sharing the following
expectation, “I expect the response to be something from the sensor that’s just noticing irregular patterns and kind of
a recommendation as to how to handle it.” Being able to follow the model’s logic helped participants make sense of
the system’s decisions and increased their confidence in the recommendations: “knowing why LUCA is deciding
what they’re deciding,” would make them feel like LUCA is, “not being mysterious to me”, (P16).

Further, participants preferred local explanations and data-backed suggestions, that incorporated their personal
data, which was evident when they posed questions such as: “What in my chart makes him come to the conclusion
that I need to do the activity?” (P7) and “what is the data that you have that’s leading you to suggest this?” (P4).
(P11) described the importance of seeing her input data directly linked to the rules behind the recommendations.
She said, “I would expect to see, ‘Well, based on your vitals or whatever you’re tracking, your heart rate has been
elevated at 80 BPMs, whatever, for this many minutes.” According participants in this study, making this connection
visible would clarify how their personal data shapes the system’s suggestions and make the design and logic of
intervention feel more transparent. Participants wanted to see more than the type of data guiding predictions;
they wanted to see how changes in that data drives personalized predictions. Understanding that connection,
participants would know more about the relationship between their collected data, ranges in that data related to
them specifically or simply that their data influences LUCA’s decision-making, and the resulting recommendations.

4.2.3 Share evidencewith the pregnant person that supports the intervention, explaining the expected
proximal outcome: Participants envisioned interventions that recommended stress-reduction activities but
wanted more comprehensive information about how these activities connect to the intended proximal outcomes.
Participants said that this type of clarity would enable understanding of what follows (e.g., benefits they can
expect soon after doing the activity) and would allow them to mentally map and set expectations. (P4) requested
additional scientific justification for each activity, probing the underlying mechanisms and asking why the activity
should produce the outcomes observed by the system, “Why is this exercise supposed to be effective for what you
observed?” Rather than only questioning its effectiveness, they wanted a deeper explanation of how and why the
activity leads to the specific expected impact. Several participants, including (P20), expressed a preference for
understanding the reasoning behind the activities, stating,

“I don’t like being told just what to do; I need to know why.” — (P20)

Paticipants explained that understanding the reasoning behind each activity (why it is intended to be effective
and how it connects to their experience) would help them make sense of the intervention, clarify its purpose, and
grasp the potential short-term benefits of engaging with each activity.

The design session helped ideate on explanations to understand the ‘why’ behind and intervention. (P8) shared
ideas for how the intervention might provide reasoning behind behavioral recommendation by imagining it could
tell personal obstacles and how interventions, like mindfulness, have been shown to address these challenges: “I
am assuming LUCA will probably take the data that I gave him about my stress management or my stress and say,
‘Here are things that you posed as things you’re going through, things you’re dealing with, or things you want to work
on, and here’s the research that supports why doing a mindfulness activity will help either alleviate that stress or help
you manage it’ or I think it’ll be a data-driven response.” Participants, such as (P18), were also interested in historical
evidence that the recommended intervention is effective, imagining that, “if LUCA’s got some proven numbers that
it has proven to work [before]”, then LUCA could and should make that information available to them. Knowing
this evidence would make for, “the strongest argument,” from the tool for the suggestion being recommended. In
sum, participants wanted clear insight into how each intervention option is expected to influence short-term
outcomes, whether based on their own data or established scientific research, a clarity that current JITAIs do not
provide.
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4.2.4 Connect the intervention to long-term benefits to demystify the distal outcome: Some participants
asked for more information on long-term health goals, indicating a need for increasing pregnant people’s distal
outcome awareness. Participants agreed that casting light on the distal outcome would encourage them to adopt
the intervention long-term, particularly if the tool could identify the ultimate benefit for them and communicate,
“here is the end result, the benefits of this, then I might be more inclined.” (P13) (P6), who disclosed a background in
psychology, reflected on how the distal outcomes of JITAIs for managing stress can be difficult to perceive for
individuals who are not actively experiencing stress at the moment an intervention is suggested. They noted that
without deep knowledge of stress or JITAI mechanisms, the rationale for engaging with certain activities may
seem abstract, making it harder for users to appreciate the potential long-term benefits, and said, “the idea of
mindfulness can be helpful for everyone. It does take practice. From a general sense, people might not find it that
helpful if they’re not feeling stressed in that moment because they might not understand that even if they were feeling
stressed yesterday, doing it today could still be helpful.” (P6) continued, elaborating on the importance of making
distal outcomes more apparent, and added, “I guess the question is what’s the ultimate goal of tracking something
like this?” They hypothesized that without a clear understanding of the long-term objectives, pregnant people
may struggle to see the purpose behind the intervention and remain uncertain about its value. Providing pregnant
people with a clearer connection between behavioral recommendations to the long-term benefits, or offering
reminders of the long-term benefits throughout use, would enhance understanding of JITAI’s ultimate goal.

4.3 Decoupling Non-adherence from Non-compliance
We spoke with participants about the possibility of false positives and false negatives when using ML in stress
interventions. Participants consistently stated that in such circumstances they would expect to be given the
opportunity to explicitly disagree in real time (RQ3). Through further discussion, participants requested greater
autonomy in the system interactions, and pushed against a recommendation being the end-point. They
sought the option to consider with LUCA when they disagreed with the intervention and as a result didn’t feel
the need to comply with the suggestion. Participants described that during instances of algorithmic uncertainty,
they wanted the following interaction: the ability to input reasons for intentionally choosing not to comply with
the intervention’s recommendations.
When participants discussed model predictions and the recommendations that followed, they raised the

importance of having a way to register disagreement with a model’s suggestions. Disagreeing with the system
would differentiate their purposeful decision and reasons for not engaging with the recommendation
from unintentional non-adherence.

Participants consistently drew attention to the value of retaining the final say in decisions, signaling a strong
desire for autonomy, which they shared was especially fundamental when using model-based tools. A participant
reflected,

“It’s helpful to have a chatbot potentially come in and help you assess your numbers to make sense of them,
but at the end of the day, only I actually know how I’m feeling. So to be able to have a say and advocate for
myself would be very necessary.” – (P10)

Another participant echoed this ideology, making clear that she understood her own lived experiences better
than a computational tool like LUCA ever could. She felt strongly that if a stress prediction seemed off or
inaccurate, there should be a mechanism within the technology to capture her feedback, which could be part of
holding the system accountable: “Whether you are a person or a chatbot, you have to have accountability. You’re
wrong... Because, I mean, you, you’re a chatbot, I am me, so you can’t tell me how I feel.” (P1)
Participants painted a vivid picture of wanting decision support that felt collaborative, not a one-way rec-

ommendation imposed on them by a rigid system. Their interest in this idea was so strong that, during the
sessions, they began imagining even simple features as meaningful avenues of communication. For instance, (P8)
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suggested a way to give LUCA real-time feedback: “a button or something that says, ‘I’m experiencing stress’ or
‘I’m feeling good right now.”’ Such a small feature would allow LUCA to be aware of when the pregnant person
disagreed with a recommendation or when the intervention lacked sufficient context. Having this option to push
back or provide input would help pregnant people feel empowered to advocate for themselves and preserve their
autonomy. Ultimately, retaining the final say, by drawing on their personal knowledge of their own experiences,
was a core priority for participants in our study.

4.4 Desire for Reciprocity: Why Pregnant People were Supportive of Sharing Personal Data
In addition to seeking greater autonomy through the ability to disagree with the model and ask why, participants
expressed great interest in cultivating a reciprocal dynamic with the system. Broadly, participants described their
willingness to share additional data to foster a positive, mutually beneficial relationship with personalized health
interventions (RQ1). Participants expressed a strong willingness to share data frequently, even beyond the current
input minimum thresholds set for current as sensors and EMAs, viewing this as necessary for maximizing the
benefits of AI. They had a notion that these tools require larger datasets and that providing personal information
allows the system to deliver more personalized, reciprocal support. This concept of reciprocity emerged from
participants such as (P1), who contributed, “I’m willing to share [my data]. That’s not an issue at all. Whenever
my feedback is needed, I’m willing to share it.” (P2) echoed the importance of reciprocity with LUCA, noting, “I
know it’s an AI, but I also know that what you put into this AI is what it can give out.” Participants anticipated
that any additional data they provided, beyond the minimum required, would help the LUCA develop a deeper
understanding of their uniqueness, allowing it to generate predictions and recommendations that are tailored to
their individual routines and needs. They saw this process as a form of ongoing mutual learning, where their
input would directly improve the system’s accuracy and relevance to their daily environments. This, in their
perspective, would help create a more personalized interaction over time with LUCA. As (P20) explained, “My
understanding of AI, and it could be wrong, is the more you use it or the more you’re able to give feedback to it, it
could actually improve.” Based on participants current understanding of ML and the role it could play in JITAIs
for prenatal stress, participants envisioned that their supplemental data would strengthen the model’s learning
and enhance its overall accuracy.
Participants anticipated that sharing more data with LUCA would lead to both greater accuracy and more

personalized predictions. They explained that by taking on the additional effort of providing LUCA with personal
information, the system should become increasingly synched to their individual-level experiences, moving away
from broad, generic recommendations. Global or one-size-fits-all explanations were viewed as unhelpful, and
participants expressed a clear preference for insights that reflected their unique context. Instead of being artificial,
LUCA should become more personal, embedding the supplementary information learned about the participant to
inform its interactions with them, like mirroring participant stress managing preferences, as (P15) explained: If,
“I’m taking initiative to,” provide more information to LUCA, then she would expect that the support provided is
not, “so artificial,” and not something that would cause her to say, “Yeah, I could have Googled that...

... I want you to give me something that makes it seem like I’m actually talking to you and that you’re
really going over this [additional data I’m providing]” – (P15)

Participants like (P15) wanted to be shown recommendations and explanations that are personalized to them
specifically, building off the data they contribute to the system. (P20) elaborated on this thought by saying that
without deeper personalization of the tool, “it feels impersonal, very robotic like something you spit out from your
AI algorithm, a generic statement that does not pertain to me, so it does not feel like personalized or customized or
that it’s taking the input from me into account.” Reciprocity naturally extends from participant’s expectation for
autonomy. While participants wanted the ability to disagree with a recommendation (remaining the primary
holders of control over decisions), reciprocity captures their willingness to provide additional personal data in
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return. Participants felt that this reciprocity would strengthen their perception that their contributions play
a direct role in the system’s evolving personalization. In other words, as reported by participants, having a
voice within the preset system logic would motivate people actively contribute, which helps build a cycle where
autonomy and collaboration reinforce each other.

4.5 Acknowledgment of User Privacy Concerns
Despite participants’ strong willingness to share their data with the model and undertake additional tasks
required to do so, as demonstrated in the last section (4.4), this willingness did not completely overshadow
their ongoing concerns about data confidentiality and privacy. Participants acknowledged knowing the benefits
of contributing personal information to improve personalization, yet they remained mindful of the potential
risks, saying that trust in the system and clear safeguards would be essential for them to more feel comfortable
sharing sensitive data. (P13) and (P6) discussed disapproval of their data usage by technology. They believed that
ML’s personalization capabilities needed to be leveraged to do better in this regard than previous technologies.
Recounting their dissatisfaction with how social media and digital platforms have collected her data without her
feeling like she had received sufficient value for it in return, (P13) told us, “I’m not getting a lot of value out of this
and I’m giving them so much and I’m not getting what I would think of in return and I’m certainly not getting any
privacy and there are data breaches all the time. So it’s my data and I’m sure I give more data than I even realize.”

(P6) also stressed the need for confidentiality and privacy when interacting with ML-based health technologies:
“I think there’s the privacy thing and what are they doing with the information, so the chatbot’s learning your stress
and your mood and how is that being used or who can share that data and all that. So I mean I’m probably not as
worried about that as some people because I think it’s interesting, but I think that lens is always there. . . Just some
sort of promise of confidentiality and privacy and that it’s not... Obviously, it has to probably conglomerate your data
and use it and look at it to provide the recommendations, but that it’s not storing it and sharing it.”
Several participants added similar thoughts on needing to know who (at the individual and organizational

level) has access to the data they are sharing and what other purposes, besides aiding their stress management, it
may be used for. Hoping to learn about access to their data, (P4) said, “You always want to know how many people
and organizations have access to this data, and what it’s used for, right? How is that interacting with my phone and
whatever all it’s doing with my data? That’s the big thing.” And since this technology is still fairly new to the
general public, participants admitted, “I don’t have enough information to fully judge the usefulness of AI, but my
main concern would be privacy and data being shared. I would want to know if it’s just being used... How is my data
helping this AI technology? And how would it be used to help this AI?” (P14) These insights from our participants
indicate that as AI, specifically ML as covered in this work, becomes more embedded in healthcare, participants
recognize and are excited about its potential benefits, but this does not erase the need to give them peace of mind
about the use of their medical data.

5 Discussion
While recent advances in sensing and ML have enabled next-day stress prediction, their true potential lies not
just in algorithmic performance, but in positioning the needs of pregnant people as the primary driver of the
innovation, not an afterthought of the implementation. It is imperative to center on the perspectives, expectations,
and lived experiences of pregnant people, ensuring these emergent, complex technologies are designed and
developed with and for the people they intend to support.

Through this qualitative study with 20 pregnant people, we discussed an ML-driven JITAI for next-day stress
prediction during pregnancy with potential end users. Participants detailed four expectations (as summarized in
Table 3 and itemized below) that must be considered in future designs of ML-driven JITAIs for prenatal stress:

• supporting pregnant people in building a mental model of JITAI functionality (RQ4, RQ5),
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Research question (RQ)
addressed and explanation

Finding Description of participant
expectations

RQ2: A tool aligns with a pregnant
person’s goals only if it respects
the high variation in their actual
daily routines

(4.1) Flexible engagement High variation in young families’
routines necessitates flexibility,
such as the ability to respond even
outside the state of vulnerability

RQ4: Users have specific questions
about system functionality: how
their personal data drives the
intervention options
RQ5: Concerns are managed by
providing evidence of outcome
efficacy and long-term benefits

(4.2) Support building a
mental model of JITAI
functionality

Request for help better
understanding the four different
components of the intervention, as
detailed in 4.2.1 - 4.2.4 and and in
Figure 3

RQ3: Individuals imagine using
JITAIs in daily life by interacting
with the system’s suggestions
through real-time disagreement

(4.3) Decouple
non-adherence from
non-compliance

Desire to convey when they
explicitly disagreed with the
recommendation, rather than just
non-adhering (e.g. forgetting)

RQ1: Sharing stress data via
sensors and EMAs needs to be met
with a meaningful benefit:
improved personalization

(4.4) Desire for
reciprocity

Willingness to share additional
data if the tool can reciprocate by
improving the accuracy and
personalization of their
recommendations

Table 3. In the first column, we outline each research question and explain how the corresponding findings (presented in the
next column) address it. In the final column, we summarize the four key findings that will be discussed in detail below.

• facilitating reciprocal learning (RQ1),
• flexible engagement (RQ2), and
• decoupling non-adherence from non-compliance (RQ3).

Two of our findings, participant’s request to receive support in building mental models of JITAI functionality
(4.2) and on facilitating reciprocity (4.4), speak to pregnant people’s desire to gain clearer mental models of
JITAIs. We therefore focus on mental models in our first two discussion sections: (5.1) and (5.2).

In (5.3), we turn from mental models to the concept of autonomy. Here, we specify how JITAs for pregnant
people can better support their autonomy: illustrating their need for flexible engagement (4.1), which is at odds
with the current JITAI framework, and conclude by discussing decoupling non-adherence from non-compliance
(4.3) within JITAIs.

Throughout the discussion, our aim is to guide the design of future prenatal stress JITAIs, particularly of those
leveraging increasingly complex computational technologies. We propose designs as starting points rather than
definitive solutions, as we anticipate and encourage alternative interpretations and approaches to operationalizing
our findings.
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5.1 Towards Demystifying the JITAI Framework for Pregnant People
In our study, participants frequently asked questions and recommended designs to help them build a mental
model of JITAI functionality, specifically seeking to demystify how their input data translated into next-day
stress predictions (thereby addressing RQ4: What questions do pregnant people have about the use of ML to generate
next-day stress predictions?). Based on their feedback (see yellow labels in Figure 3), we identify a space to design
JITAIs that make apparent the JITAI framework to laypeople by:

(1) confirming their input data is being valued and leveraged within the intervention,
(2) shaping understanding of how their input data drives intervention options,
(3) providing evidence supporting the intervention’s expected proximal outcome, and
(4) helping to connect the intervention to long-term benefits.

Points (3) and (4) answer RQ5:What perceived benefits and concerns do pregnant people have towards next-day
stress prediction interventions? ; addressing concerns by providing the evidence (short-term and long-term benefits)
that pregnant people require to move from doubt to relying on JITAIs for stress.
At a high level, the need to build a mental model of the JITAI framework appears conceptually tied to

algorithmic transparency—information transfer from a model to a user about its decision-making process—a
well-documented principle in human-AI literature [1, 37, 39, 110, 115, 118] and one that has seen significant
efforts on helping clinicians interrogate ML systems’ algorithms [14, 15, 19, 59, 111, 118, 135, 140, 150]. However,
algorithmic transparency is a broad concept, and relying solely on ML research terminology to describe the
nuanced phenomena shaped by human perspectives can limit the influence of HCI studies on human-centered
ML in healthcare [2]. In the case of ML-JITAIs for prenatal stress, we see a similar need for transparency. Yet, in
this context, participants were more concerned with understanding the broader intervention, of which
the ML model represents only one facet. Below, we review the four JITAI components requiring more clarity,
while offering design recommendations for prenatal stress JITAIs.

5.1.1 Clarify the connections between JITAI components. First, participants wanted to (1) confirm their input
data was being valued and leveraged within the intervention. This signals a need to help pregnant people
visualize their data within the intervention.

To help pregnant people confirm that their data are central to their JITAI experience, we can draw from research
on personal health informatics and data sharing, which shows that conceptualizing data use fosters engagement
and trust [40, 54, 55, 62, 86, 101, 134]. This could take the form of simple training materials that outline the
intervention’s purpose, describe what data are collected, and explain how often they are collected. More advanced
approaches might visualize user-contributed data (through charts, graphs, or progress indicators) directly within
the interface. Linking these visualizations to how the intervention adapts over time could be especially effective.
For example, correlating user data with pregnancy stages, as seen in popular pregnancy-related applications,
may help users understand how their data is being used. Prior work shows that seeing one’s data represented
in a system can prompt reflection and motivate continued tracking [55, 101]. Visualizing personal data can
reassure users that their input is valued and address engagement challenges with sensors or EMAs, supporting
long-term adherence [40, 54, 62, 86, 134]. In the context of pregnancy stress, where people can feel out of control,
seeing data validating their emotions can offer a sense of reassurance, helping them cope with changes and
reground themselves, as one would with a peer or family member [123]. Our findings suggest not only the value
of incorporating personal data, as emphasized in the personal informatics literature, but also validating its use to
inform recommendations to the user.
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5.1.2 Clarify how personal data drives the intervention. Next, participants wanted to understand why a particular
stress reduction exercise was selected for them (i.e., (2) how their input data drives intervention options).
When shown examples during the design sessions, participants strongly favored local explanations that revealed
relevant, personal data. We point to the importance of communicating to the user how their data directly
influences the intervention they receive.

Presenting clear, interpretable visuals could demonstrate how personal data informs a type of stress reduction
exercise. Local explanations, showing pregnant people why a specific suggestion was made based on their data,
would be especially valuable. For example, visualizing how completing certain activities has positively impacted a
pregnant person’s progress previously could show the expected stress level, when the same or similar exercise was
completed, and then the actual stress level following that activity. Such designs align with prior health research
indicating that when treatment selection processes are made more understandable to patients, satisfaction with
care increases and a more patient-centered paradigm emerges [52, 137]. Similarly, recent visualization research
suggests that interpretable visualizations are particularly valuable for patient-facing tools, as they help patients
make sense of longitudinal health data [23]. Enabling patients to form a mental model linking their data to
intervention options, through visualizations or clear explanations identifying which data segments (e.g., specific
days or activity types) led to a recommendation, could for this reason foster both understanding and engagement.

5.1.3 Clarify proximal outcome evidence and distal outcome benefits. Finally, participants asked for (3) evidence
that supports the intervention, explaining the expected proximal outcome and (4) clarity on its connec-
tion to long-term benefits. Although, behavior scientists and development teams carefully select outcomes and
interventions based on theory and clinical practice [97, 122], these outcomes are not always clear to the end user.
While past work, like JITAI protocols and reviews, outline tailoring variables, decision rules, and adaptive

strategies [91, 121, 132], these don’t specifically focus on showing the user how and why the intervention is
supposed to work. A good example to display the proximal outcome is the use of dashboards in tracking weekly
step counts to mitigate sedentary behavior [121]. However, we lack clear examples where the relationship between
the distal and proximal outcomes is explicitly reflected in the intervention design, as well as an understanding
of whether user mental models align with the technology’s underlying logic or not. This lack of clarity lead
participants in our study to wonder,Why this intervention, and what is the data-backed or proven reason it
should affect the proximal outcome right now, and how does success in that proximal outcome contribute
to the long-term, distal outcome? We argue that communication strategies conveying this rationale are valuable
to help users build their own mental models, aligning with Thomas and Bond [132]’s call for, “more research is
clearly needed to understand the psychological underpinnings of response to JITAIs.”

One of the designs participants imagined included providing conceptual models of the intervention components
at the time of enrollment. Alternatively, participants wanted to see the intervention impact data–whether derived
from literature, user-specific insights, or cohort analysis–detailing short- and long-term effects. For pregnant
users, connecting to the distal outcome while tracking their pregnancy (e.g., linking long term impact on the baby)
could support engagement [11, 62]. Addressing proximal outcome efficacy and distal outcome benefits upfront
aligns with prior literature and supports users in understanding and leveraging the intervention effectively.
Research indicates that having clarity of intervention benefits can increase the adoption of digital self-help tools,
rivaling human-guided interventions [76, 77, 112].

5.2 Designing for Reciprocity: Trading Continued User Feedback for Deep System Adaptation
Participants in our study expressed a strong willingness to engage longitudinally with JITAIs, driven by the
desire to form a reciprocal dynamic with the system (addressing RQ1: How do pregnant people feel about sharing
stress data through a sensor and EMAs to guide a stress-prevention intervention?). Literature on human–machine
reciprocity supports this user desire, describing self-disclosure as a method for fostering deeper collaboration with

Proc. ACM Meas. Anal. Comput. Syst., Vol. 37, No. 4, Article 111. Publication date: August 2018.



Patient Expectations of ML-Driven JITAIs for Prenatal Stress Management • 111:25

technology [71], though this reciprocal dynamic faces several obstacles when applying reinforcement learning
(RL) to digital interventions.

Importantly, RL has been shown to be helpful for JITAIs, for instance, a contextual bandit RL algorithm
was applied to personalize walking suggestions adapting to contextual and dosage factors, but its real-world
implementation is challenging [48, 73, 121]. Environmental factors can lead to high noise, data sparsity, and
merging multiple data streams that impact the quality and speed of the agent’s adaptation. During the time it
takes for the RL algorithm’s agent to learn and achieve optimal performance, the user may grow impatient and
disengage during this latent learning period [73, 144]. At the same time, long-term data sharing, required by RL,
can lead to cognitive and time burden which might impact sustained engagement [35]. More plainly, that fact
that RL takes time may not be clear to the user. Therefore, communicating when and how RL is taking place,
helping users form a mental model of RL, is essential to manage user expectations, relying on the behavioral
reciprocity individuals are willing to offer.
Amajor design challenge is to understand how we can best represent or visualize the RL process

to JITAI users. Prior work shows that we should consider people often have expertise outside of ML, so the
interface should account for this by choosing the right type of representation for lay persons [56, 70, 74, 87]. It
will be paramount to design a feature that communicates the RL process, updating the user when the intervention
is undergoing optimization by showing that an agent learns in an environment through trial and error, guided by
a system of rewards that reinforce desirable actions.

A design could communicate the system undergoing improved performance. For instance, in the context of our
study, a prenatal stress JITAI could be shown making its way through a maze collecting positive and negative
points. The idea is to show the user prenatal stress JITAI strives tirelessly toward its ultimate goal of performing
at its best to help the user, reciprocating the user’s ongoing commitment of sharing longitudinal data. Previous
work on mental models of RL focused on having university members predict actions and describe the agent’s
algorithm, which resulted a large cognitive load [3]. Building on their work, it would be beneficial to create more
approachable designs for JITAIs that explicitly provide a mental model of RL to lay persons; simpler concepts
appear in other interfaces, such as games that depict a character’s movement through environments or streak
trackers that visually represent progress [92]. RL designs will help ensure JITAIs communicate expectations to
the user while the system is adapting, even if the benefits of improved personalization may require patience.
Finally, pregnant people may have distinct motivations, than other populations, that drive their interactions

and approach with data-driven systems, such as heightened attention to personal health (during such a formative
and vulnerable period) or concerns about fetal outcomes (caring for more then the self) [51, 81]. These factors
can influence both their willingness to share personal data and their interest in engaging with ML–based
recommendations. Future research should explore how these findings generalize to other populations, as the
strong willingness to share data observed in this study may not be as true across groups with varying priorities
or risk perceptions. Nonetheless, even among people who are less inclined or available to provide extensive data,
exploring RL designs remains valuable. Insights on how a system learns over time, i.e., having a more robust
mental model of ML-driven JITAI functionality, could set expectations, enhance engagement, and help improve
outcomes across a broader spectrum of JITAI users.

5.3 Fostering Autonomy: Flexible Engagement and Decoupling Non-Adherence from
Non-Compliance

5.3.1 Designing for flexible engagement in next-day prenatal stress JITAIs. Participants in our study liked
the idea of a prenatal stress JITAI, if it afforded flexibility in when and how they respond. To address
RQ2 (How does the potential to predict next-day stress—using perceived stress and physiological stress—align or
disalign with pregnant peoples’ needs and goals?), next-day stress predictions align with pregnant people’s goals
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only when the system accounts for real-world, routine variability, allowing for flexible engagement. Participants
envisioned flexible engagement in two ways:
(1) aligning the intervention with their routine, which is different for individuals, as some have set routines

and others have more unpredictable schedules, and by
(2) providing the ability to dismiss or delay when to respond, because even those with preferred engagement

times can’t be consistently available to the intervention.
Participants’ need for flexibility substantiates and extends earlier work on the importance of humans retaining

decision-making autonomy (a psychological need to self-govern), along with JITAI literature on identifying
moments of receptivity [16, 21, 25, 57, 68, 88, 90, 96, 96, 114, 124, 146, 151].
Recent work on receptivity provides a promising foundation for designing more adaptive interventions, but

predictions of receptivity can be limited, which is why flexible engagement is particularly beneficial for JITAIs.
A review published at the end of last year by Nahum-Shani and Murphy [93], for instance, names determining
user receptivity (when individuals are most likely to engage with an intervention) as a key challenge in JITAI
development. There has been significant work on understanding receptivity by creating models to determine
receptivity and investigating what it means for individuals to be receptive [21, 57, 68, 88, 124, 146]. This past work
emphasizes the value of understanding individual contextual states to deliver more precisely timed, data-driven
interventions. However, even with increasingly sophisticated models of receptivity or growing understanding of
receptivity, individual availability cannot be consistently determined, signaling the importance of considering
flexible engagement within JITAI design and development.

Complementing receptivity-based adaptation, the flexibility literature showcases a human need for autonomy
and control in engaging with interventions. Prior work demonstrates that affording flexible engagement windows
(allowing individuals to delay, reschedule, or self-initiate interventions) significantly increases satisfaction and
adherence in workplace stress JITAIs [57, 124]. Our findings build on this literature by contributing that flexibility
and receptivity are not opposing designs, but complementary avenues for JITAIs. While receptivity modeling
enables the system to offer interventions at opportune moments, designing for flexibility respect people’s
autonomy to decide when those moments truly happen.
For pregnant people and other groups with constrained and fluctuating schedules (such as the care partners

studied by Yan et al. [146]), supporting flexible JITAI engagement may be particularly impactful. Simple features,
such as a “snooze” button to postpone an intervention until after evening routines, or an option to preselect
preferred engagement windows (e.g., before children wake up in the morning), could help balance algorithmic
receptivity modeling with real-world flexibility. In this way, our proposed designs build on both lines of work,
promoting JITAIs that are responsive to individual contexts while respecting their autonomy.
Additionally, given that pregnant people are not always available for JITAI interventions and want more

flexibility, wemustmove beyond current paternalistic approaches to JITAIs, with the goal of clearly communicating
the benefits and drawbacks of employing flexibility to postpone an intervention. Understanding the tradeoffs of
postponing an interventions allows people to make informed decisions about using flexibility, understanding
that only engaging at a more convenient time may be less effective than adhering to the JITAI’s ‘push’ model.
Providing this clarity increases the autonomous flexibility users seek and addresses their desire to form a mental
model of how the intervention’s components connect, which we presented in 4.2 and discussed in 5.1.

The inclusion of flexibility into the JITAI framework prompts a key question: does offering flexible engage-
ment preserve the core essence of a ‘just-in-time’ intervention as defined in original frameworks by
Nahum-Shani et al. [97], and if so, how? Currently, JITAIs primarily operate under a ‘push’ model where
pragmatic constraints aim to deliver support when an individual could benefit most. This support is pushed to
the user based on system inferences from data (e.g., analyzing sensor and EMA). However, introducing flexibility
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allows for a ‘pull’ mechanism that complements the established ‘push’ architecture. In our proposed approach,
the JITAI is a hybrid, still operating under the traditional ‘push’, however, this is complemented by user-initiated
decisions points that they deem as appropriate time windows outside of the JITAI ‘push’ alert. A JITAI micro-
randomized trial (MRT) incorporated both ‘push’ and ‘pull’ options [121]. While this design demonstrated the
value of offering user-initiated interactions, it’s unclear how this flexibility impacted participants and how this
may vary across other contexts. Our analysis indicates a clear need to more critically investigate how flexibility,
through an added ‘pull’ mechanisms or otherwise, impacts the JITAI framework.

5.3.2 Decoupling non-adherence from non-compliance. In addition to desiring more autonomy through flexible
engagement, participants wanted to make it clear to the system when they were purposefully choosing not to
engage, not just forgetting about the intervention. This addresses RQ3: How do pregnant people imagine using a
JITAI, that could predict next-day stress, in daily life? and requires the ability to explain why they may disengage
due to rejecting an intervention. Rejecting the intervention can be a result of:
(1) non-adherence, due to simply forgetting or being preoccupied, or
(2) non-compliance, when purposefully disagreeing and disengaging with the JITAI-proposed intervention;

this entails deliberately choosing not to comply with the intervention because the individual disagrees
with the suggestion.

The ability to disagree via non-compliance, to consciously choose a path other than the one recommended, is
a demonstration of autonomy, a fundamental human need well-documented across mHealth, HCI, and JITAI
literature [16, 25, 96, 114].
We have seen this tension between personal choice and technological directive in other work [10, 104, 151].

For example, Burgess et al. [10] discuss patient non-compliance and non-adherence as different behavioral traits,
and coined the term “care frictions” to describe how healthcare technology can be fundamentally at odds with
what people perceive as their true needs. This behavior reflects not a simple neglect of the recommendation but a
deliberate resistance to its guidance, emphasizing the need to account for patient non-compliance; as shown
by prior work, not using an application or disregarding ML recommendations may represent intuition-based
disagreement rather than non-adherence [104, 151]. In sum, participants in this study cleverly conveyed a desire
to report their feeling of disagreement, to signal when they are purposefully non-complying versus accidentally
disengaging.

Thus, our main recommendation is to integrate designs that decouple non-adherence and non-compliance in
JITAI systems. We draw inspiration from work focused on improving clinician-ML interactions, where preserving
the human expert’s judgment is critical to preventing them from overriding their own expertise in favor of a
potentially erroneous ML output [59, 135, 148]. This parallel reinforces the need to preserve the pregnant person’s
expertise about their own body and stress levels. A design could involve asking the pregnant person if they intend
to perform the recommendation, and why or why not. Or, a simple, less intrusive design, directly proposed by
participants, would be to display a “Disagree” option whenever a recommendation is given. This mechanism
would introduce a new, nuanced engagement data point that allows the system to differentiate between purposeful
rejection of the guidance (non-compliance) and simply forgetting to use the tool (non-adherence). In the pregnancy
context, where individuals are coping with significant physical and social changes [106], affording this autonomy
to disagree is especially valuable for handling false positives, such as receiving a stress recommendation when
the person feels calm. Capturing this “Disagree” signal not only respect their autonomy but can also facilitate
learning, for instance, by prompting a message that explains the proactive benefits of practices like mindfulness
even when stress is not perceived as present, thereby moving JITAIs beyond current adherence metrics.
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6 Limitations and Future Directions
As with all scientific inquiries, our work is shaped by the context in which it was conducted. First, our participants
do not fully represent groups historically harmed or excluded from participation inML-driven health interventions.
For instance, high income families have shown higher adoption of digital systems [45, 117], and 45% of participants
reported an annual income exceeding $200K. Additionally, the goal of this study was exploratory to gather initial
perspectives on ML–driven stress prediction during pregnancy, rather than in the postpartum period.

As a result, our investigation does not capture all relevant viewpoints and our findings may not generalize, for
example, the potential value of stress management during the particularly demanding early stages of parenthood,
among individuals from lower-income brackets, or lower technology literacy. Moreover, pregnant people may
have unique motivations, such as heightened health vigilance or perceived benefits for fetal outcomes that can
influence their willingness to share data and their desire to understand or engage with suggestions [51, 81].
Future studies specifically focused on lower income, lower literacy, early parenthood, or JITAIs not intended for
pregnancy would offer a valuable and necessary complementary perspectives.

It is important to stress how our work relates to the overturning of Roe V. Wade by the USA’s Supreme Court in
June 2022. We highlight that the context of our study on pregnancy is impacted by the country’s changing legal
landscape and, arguably of greater significance, instigating a new set of privacy concerns that demand further
scientific inquiry and resolution. For instance, while not all users might yet exhibit sufficient concern about
mobile health (mHealth) data privacy post the overturn of Roe V. Wade (e.g., when using period tracking phone
applications that can infer pregnancy and abortion) [17], the public’s level of concern may evolve alongside the
changing political sphere. This perception is also likely to differ state-to-state. The changing relationship between
national and local reproductive health policies and rapid development of ML for personal well-being must be
prioritized and scrutinized, given the potential impact for it on those most at risk, including birthing persons and
their children.
In HCI research, we strive to do more than develop technology by soliciting users expectations and weaving

their expertise into digital tool design and development. One example of this is the main finding of our study,
which shows that people don’t simply want a technologically robust tool that tells them what to do with some
level of accuracy; they want help from the tool in building a mental model ML JITAI functionality. By leveraging
HCI methods, therefore, we can empower people to design digital interventions that promote their well-being
and meets their privacy needs. It is worth noting that these needs may change over time or be dependent on the
location of the person.
We also acknowledge that participants who formed part of our study all lived in a state that has preserved

birthing people’s reproductive decision-making since the 2022 ruling. In that way, participant perspectives of
data privacy in our work should not be considered generalizable, considering concerns are likely to vary state by
state and other factors like socioeconomic or cultural background. While not the focus of our research, we note
that our finding on privacy concerns of ML-driven JITAI for prenatal stress (see subsection 4.5) reaffirms that data
privacy must be the central focus of designers, researchers, and developers working in the area of reproductive
health.

7 Conclusion
ML is swiftly changing the domain of patient-facing interventions like JITAIs, as it allows monitoring and
intervening on more complex behaviors, such as prenatal stress. Much of the existing JITAI literature emphasizes
algorithmic and theoretical advances that have enabled this class of digital interventions, while comparatively
less attention has been given to directly incorporating patient perspectives and preferences into JITAI design and
development. Pregnant people in our study, thus, offer necessary perspectives on how ML should be integrated
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within health interventions for predicting and managing pregnancy stress. In our research, participants requested
the following be considered in future designs:
(1) support building a mental model of JITAI functionality,
(2) reciprocal learning,
(3) flexible engagement, and
(4) interactions that differentiate between non-adherence and non-compliance.
We use these discussions to consider how prenatal stress JITAIs can better inform patients of their underlying

functionality, a particularly challenging design task as these tools increasingly integrate computational advances
in ML. Even though such advances provide an avenue for the development of more personalized and adaptive
interventions, they also introduce new challenges related to user understanding of these systems. Accordingly, we
propose design strategies can bridge this gap to help patients more meaningfully engage with these interventions
and benefit from the value experts envision for these tools.

We do not presume to have introduced an exhaustive list of end-user requirements that should be considered in
prenatal stress ML interventions. Rather, this work offers suggestions for creating interpretable, actionable, and
engaging interventions that instead of diminishing human control, preserve individual autonomy, support people’s
well-being management, and encourage technology adoption through reciprocal designs that complement user
data collection and engagement efforts.
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