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ABSTRACT
Prior research shows that artificial intelligence (AI) systems are
poor at handling trade-offs in short-term and long-term outcomes,
implying potential risks with the use of optimization algorithms
in mental health applications. A tool that evaluates an AI system’s
ability to optimize for both short-term and long-term outcomes
and allows management of potential trade-offs between these met-
rics could empower health and human-computer interaction (HCI)
researchers to better design AI-powered longitudinal user experi-
ences. In this poster for the Envisioning the Future of Interactive
Health Workshop at CHI ’25, we introduce a research artifact that
focuses on AI journaling as a case study. The artifact is an experi-
mental platform for evaluating the impact of suggestions provided
by AI on the writing process. This platform can be used for building
AI writing assistants for mental well-being, bootstrapping research
around designing interventions to improve both short-term and
long-term outcomes in mental health, and serving as a boundary
object between technology and health experts.

CCS CONCEPTS
• Human-centered computing → Interactive systems and
tools.

KEYWORDS
longitudinal user experience, journaling, mental health, artificial
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1 INTRODUCTION
Artificial intelligence (AI) has the potential to optimize and tailor
mental health interventions to user needs, but research shows that
algorithmic optimization leads to trade-offs in short-term and long-
term outcomes. For example, optimizing for short-term engagement
is known to have long-term effects including both addiction and
disengagement [24]. Would similar risks exist in AI systems for
mental health, which often are only evaluated in short-term studies
prior to lengthier clinical trials? Answering this question could
be critical to human-computer interaction (HCI) contributions in
prototyping and evaluating new AI interventions for mental health.
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A short-term proximal outcome may be an important construct
to measure over time to support users taking steps towards a long-
term health outcome. In the case of digital therapeutics or well-
being apps, researchers may want to design the interface to increase
short-term engagement (e.g., time spent in a single usage session) if
the intervention is meant to help individuals acquire habits such as
journaling, meditation, or breathing exercises. It is also critical to
show that engagement with the intervention connects to desirable
long-term outcomes (e.g., improved mental health status, emotion
regulation skills) [26, 36]. Thus, if we can evaluate an AI system’s
ability to optimize for short-term and long-term outcomes, and
manage trade-offs thoughtfully and explicitly when designing AI
systems, health and HCI researchers may gain a new set of tools for
designing and prototyping for longitudinal user experience (UX).

To improve the design process of AI systems that improve both
short-term and long-term well-being, we developed a research
artifact that focuses on AI journaling as a case study. The artifact
is an experimental platform for evaluating users’ reaction to AI-
powered suggestions from systems such as language models or
recommender systems. It can be used to build AI writing assistants
for mental well-being, support research around the use of short-
term and long-term outcomes in health HCI research, and serve as
a boundary object between researchers, health professionals, and
users. In the workshop poster, we present a specific instantiation
focused on journaling forwell-being that employs bandit algorithms
with the following features:

1. A front-end system that provides writing prompts and fea-
tures that support journaling.

2. A curated dataset of writing prompts for journaling.
3. A description of logged pilot user data and how we can use

logged data as input into recommender systems.
4. Two baseline models for designers and researchers to study

the impact of optimization on writing recommendations.
In addition, we propose a longitudinal user study to evaluate

how this system can be used to support longitudinal care and invite
feedback on the potential of this system from workshop attendees.

2 RELATEDWORK
2.1 Longitudinal UX in Mental Health
Researchers studying human-computer interaction (HCI), computer-
supported cooperative work, and ubiquitous computing have long
investigated longitudinal UX in health contexts. Personal infor-
matics, data tracking, and lived experience models suggest that
individuals experience multistage, iterative, and cyclic processes
when using technology to enhance their health. Given a long-term
goal of improving one’s health with technology, an individual must
break down their goal into smaller decisions about which tools
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are best for tracking health data and how those tools fit into their
lives [10], and then undergo a process of preparing, collecting,
and reflecting on their data [21]. HCI designers and researchers
have sought to make these steps easier to accomplish, empowering
patient self-care and the sharing of data with clinicians [29].

In mental health and HCI research, a longitudinal perspective is
critical to designing technologies that support cognitive change and
care work. Mental health providers help patients identify action-
able short-term goals that are meant to improve patients’ long-term
well-being [2]. Technology also has the potential to augment their
decision-making on how to steer patients’ treatments over time
[30]. Although digital interventions are designed to supplement
professional care and make acquisition of cognitive or behavioral
skills more engaging, many commonly available digital interven-
tions have low retention rates [3, 28] and providers are often wary
of their efficacy [40]. In contrast to mental health practitioners’
expert ability to tailor treatment over long time horizons, the un-
certain efficacy of commonly available interventions in fostering
desirable long-term outcomes reveals a possible sociotechnical gap
[1, 25] in what technology can do for mental health and well-being.

2.2 Designing with Recommender Systems for
Mental Health

Exploring novel technical capabilities that meet the standard of ex-
pert care can help bridge this gap. Designers and researchers have
sought to augment expert-led treatment by developing adaptive
interventions that make recommendations to users to encourage
behavior change [26]. In particular, optimization techniques from
reinforcement learning (RL) algorithms may enable digital interven-
tions to tailor interactions in a way that helps users achieve better
long-term outcomes [44]. However, a key challenge in designing
such systems lies in identifying the right outcomes to optimize for,
particularly in light of concerns around the use of engagement as a
proximal outcome in for-profit health apps [34].

Recent research on recommender systems has examined two
approaches to balancing short-term and long-term metrics opti-
mization using RL-based approaches such as bandits and controllers.
One approach proposes using constraints to steer AI [4, 5] while
the other proposes using joint optimization strategies during the
model training process [22, 35]. For example, hierarchical bandit
models can jointly optimize short-term and long-term metrics so
long as there is a relationship between proximal metrics like en-
gagement and long-term ones like retention [33]. These algorithmic
approaches to managing temporal tradeoffs in user outcomes may
help tackle the challenges of optimizing interventions for mental
health and well-being.

However, the choice of what to implement requires careful justi-
fication of design decisions regarding dataset and model features.
Traditional HCI techniques that exclude training full AI models
might help designers focus on end user experiences, but these tech-
niques do not accommodate the stochastic nature of AI systems,
optimization of metrics, and interaction with their use over time
[42]. Developing working AI systems require a significant number
of design choices that are often left up to technical experts at the
exclusion of other stakeholders [8].

2.3 Journaling and AI for Mental Health
Journaling helps patients process their thoughts and emotions,
reducing the need for acute mental health care [32, 38], and sup-
ports the development of resilience by fostering the ability to regu-
late emotional experiences through self-reflection of one’s writing
over time [13, 23]. Psychological studies have shown that journal-
ing’s effectiveness as an intervention may need to be monitored
and tailored by a clinical expert as excessive rumination and over-
immersion may result from the writing process [31, 43]. On the
other hand, journaling habits can be difficult to acquire [12] and off-
the-shelf journaling apps have low retention rate [3]. To tackle such
problems, AI-powered interactive journaling has recently received
interest as a way to improve traditional journaling by making it
more engaging with AI-tailored prompts [15, 27]. Such systems can
foster increased user engagement while serving as a data collection
and empathy-building tool for providers to better understand their
clients [14].

Journaling is a valuable testbed for studying AI systems that can
optimize short-term and long-term outcomes because journaling
requires engagement through writing to improve well-being over
time. However, research has not addressed the issue of managing
tradeoffs between these outcomes. AI compounds existing concerns
about potential harms of journaling by making it even easier for
users to over-engage with the writing process, limiting the system’s
ability to help users achieve healthier long-term outcomes. For ex-
ample, Kim et al. [14] report that clinicians are worried that AI
journaling’s highly interactive capabilities can lead to rumination,
which would further worsen mental illness by leaving patients in
low-mood states without techniques to regulate those emotions.
How to mitigate possible harms for writers while creating an effec-
tive intervention for mental health is a challenging question that
AI journaling designers and researchers have yet to solve.

3 DESIGNING A RECOMMENDER SYSTEM
FOR JOURNALING

3.1 Research Method
We use Research through Design (RtD) [45] to create an AI-powered
journaling system that demonstrably balances tradeoffs in short-
and long-term metrics in its recommendations. Our approach doc-
uments the complexities of choosing various hyperparameters,
metrics, and algorithmic components of AI journaling systems
to demonstrate how careful selection of short-term and long-term
metrics, detailed collection of user input data, the training pro-
cess for the AI, and choice of algorithm impact longitudinal UX.
In doing so, we propose this initial platform as a boundary object
that encourages collaboration between HCI, AI, and mental health
researchers and practitioners in designing adaptive interventions.
Lastly, such a system serves as an intervention, and thus must re-
quire a user evaluation to help us understand how effectively it
learns to jointly optimize from the perspective of users.

3.2 Prototype Design and Implementation
We use CoAuthor [19] as the base for our front end interface. It
comes with a writing editor and logging capabilities that automat-
ically capture what users insert, delete, and edit in their writing.
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Figure 1: Front-end interface for our early-stage journaling system with a writing prompt, reminders on how to complete a
writing task, and an editor for users to write in.

CoAuthor also allows language model prompting capabilities by en-
abling writers to ask for AI writing suggestions through a back-end
call to OpenAI’s GPT models for writing suggestions. We modify
the front-end to output a writing prompt from a recommender
system aimed at helping users journal. Pressing the "Save your
work" button surfaces a study completion code that can be used for
compensation in longitudinal studies. The system is built using a
Flask back-end deployed to Heroku and can be leveraged in both
in-person and remote studies.

We choose a recommender system to power this longitudinal
journaling intervention for several reasons. First, it can tailor rec-
ommendations to individuals based on user history, mirroring the
work that mental health practitioners do in tailoring treatment for
their patients. Second, recommender systems can commonly be
used with online learning algorithms such as contextual bandits,
allowing HCI and health researchers a way to investigate how opti-
mization changes longitudinal UX. Third, they have been used in
prior research on adaptive interventions for health contexts and
are likely of interest to domain experts [41].

3.3 Recommender System Design
3.3.1 State Space. The state space of the recommender system is
the state of the user denoted as a context vector. The context vector
includes self-report and behavioral data. Information about a user’s
prior experience with journaling and psychotherapy is collected in
a screener survey. Logs data from a user’s journal entries are added
with each writing session.

3.3.2 Action Space. The action space of the system is a set of writ-
ing prompts that users respond to when journaling. The system
recommends only one prompt at a time, drawn from the larger set
of prompts. We curated a set of 247 writing prompts through an
iterative search and reflective process starting with eight examples
of writing strategies from academic journaling literature such grat-
itude journaling [37], expressive writing [17, 32], and best possible
self writing [16]. We conducted a Google search to find variations
of prompts posted on the internet, adding new strategies or tech-
niques while cross-referencing them with mental health literature.
To expand the diversity of writing instructions, we also add writing
prompts aimed at improving creative flow or sparking ideas. The
motivation for these items is in increasing the diversity of recom-
mendations and including items that may be fun or engaging for
users, but not relevant to mental health or well-being prima facie.
This is not meant to be a representative set of all writing prompts,
but a starting set for this research.

3.3.3 Algorithms. The current prototype only supports variations
of contextual bandits. We choose this approach for several rea-
sons. Contextual bandits have been used in prior HCI research on
self-experimentation tools that fostering user engagement with
behavior change interventions [7, 18]. They are relatively simple
and interpretable compared to other optimization techniques from
reinforcement learning or neural networks, making it a strong
choice for HCI design research where our aim is not cutting edge
performance of the system but to identify how the design of various
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features of the system influence its behavior. Furthermore, contex-
tual bandits were originally developed as a way to map patient
features to interventions in clinical trials for sequential decision-
making problems [39], making them an excellent algorithm for
examining longitudinal UX and optimization in health contexts.

In addition to simple contextual bandits, we also implement hier-
archical or nested bandit algorithms. Rastogi et al. [33] showed that
a nested contextual bandit trained on rewards for both short-term
and long-term metrics is capable of video recommendations that
balance click-through engagement and user retention. By imple-
menting techniques from recommendation system literature, our
system provides a testbed for designing interventions optimized on
short-term and long-term outcomes for mental health.

3.3.4 Reward Functions. A reward function must be defined in or-
der for contextual bandits to recommend the right writing prompt
that maximizes or minimizes an objective. In this section, we pro-
vide a sample of how two types of evaluative metrics can be con-
verted into reward functions in our system.

1. Short-term (S) metrics. Proximal outcomes generally fall
under short-term metrics and can be operationalized from a
single interactive session.
• Word-based reward. The use of pronouns and affective
words in journaling is correlated with a reduction in men-
tal health visits [6]. A short-term metric for journaling
and well-being may be increasing the amount of affective
self-disclosure in a single journal entry.

• Interaction logs-based reward. Difficulty with writ-
ing may be reflected in the number of deletions, edits,
or pauses during the writing process. A short-term metric
for journaling habit development may be a reduction in
the number of deletions, edits, and pauses during a session.

2. Long-term (L) metric. Long-term outcomes are those that
reflect goals for longer time horizons and can be operational-
ized from multiple sessions.
• Word-based reward.TheColeman-Liau Index (CLI) which
provides readability assessment based on character and
word structure within a sentence. A greater CLI measure
indicates a better writing quality, and an increase of CLI
can indicate psychosocial improvement [11]. A long-term
metric for journaling and well-being may be to increase
the average CLI score over time.

• Interaction logs-based reward. One measure of long-
term habit development is resistance to lapses [9]. A long-
term metric for journaling habit development may be a
smaller number of days missed over time.

3. Linked reward function. This is a function critical to stud-
ies that optimize short-term and long-term outcomes to-
gether. It describes the trade-off relationship betweenmetrics
that allows the algorithm to learn which journaling prompts
to recommend. Borrowing from [33], a simple parameteriza-
tion for this function might be

𝑟 = 𝑤 (𝑚𝑒𝑡𝑟𝑖𝑐𝑆 | 𝑝𝑟𝑜𝑚𝑝𝑡) + (1 −𝑤) (𝑚𝑒𝑡𝑟𝑖𝑐𝐿 | 𝑝𝑟𝑜𝑚𝑝𝑡)

where𝑤 is a learned weight that helps decide the influence of
the long-term metric. This linking function allows a nested

contextual bandit to adjust how much emphasis to place on
the short-term and long-term metrics.

3.4 Ongoing Data Collection and Baseline User
Evaluation

To train the bandits, journaling data and user contexts need to be
collected. We are currently conducting a study with crowdworkers
(n=15) where each worker is asked to participate in a four week
study where they write for 10 minutes daily. This deployment uses
a fully random policy such that each writing prompt has an equal
chance of being recommended. In the first two weeks, users famil-
iarize themselves with the system and are incentivized to use it
daily so that they build a journaling routine. In the last two weeks,
users are paid a lump sum and asked to journal at will so long
as they meet a minimum amount of entries. We collect data from
all four weeks as initial user data for bandit training. Surveys are
conducted at the end of the study to understand participants’ ex-
perience with the system. We analyze writing logs and exit suvery
data to investigate the impact of a completely random policy on
journaling habits. This study design draws from prior longitudi-
nal studies on AI-powered journaling interventions that separate
practice phases with free-will journaling phases [20, 27].

3.5 Future Evaluation of Trained Algorithms
with Experts

After collecting initial data and training the system, a longitudinal
user study will be conducted to evaluate the performance of trained
bandits and collect feedback on the system. To do so, we will con-
duct a study similar to the one discussed in 3.4, but recruit in-person
study participants. We will ask participants to fill out a survey at
the beginning and end of the study, in addition to recording their
interaction logs data. We plan to compare the results of this study
with the baseline random recommendation policy to examine if
there is a difference in journaling with a trained contextual bandit
recommendation system. Furthermore, we plan to conduct post-
study interviews in-person to gain additional qualitative insight
into participants’ experience with the system.

Finally, we also plan a round of interview studies with mental
health and writing experts to gather their feedback. By developing
this artifact and collecting some data first, this prototype serves
as a boundary object that can support conversations with domain
experts who may not have expertise in AI or digital intervention
design but do have an interest in the choice of metrics and optimiza-
tion techniques. This will allow us to collect feedback on our design
choices and improve the system such that it can better support
practitioners’ work in tailoring care.
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