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Abstract

Digital therapeutics (DTx) are emerging as evidence-based software interventions, but current Al-driven personalization approaches
lack dedicated safety-focused frameworks and face challenges due to scarce long-term outcome data and unpredictable model
behaviors. We propose SAFE_DTXx, a safety-first architectural framework for DTx that integrates well-established principles of
predictive modeling and constrained decision-making to prioritize patient safety. SAFE_DTx's 2-modul e architecture comprises
an Al feedback prediction module that forecasts short-term patient responses and a constrained planning module that selects the
next intervention under explicit safety constraints. By decoupling these components and enforcing clear safety guardrails, the
framework enables dynamic, real-time adaptation to individual patient feedback while staying within evidence-based safety limits.
This modular design also enhances transparency in the decision-making process, and an in silico evaluation demonstrates its
preliminary architectural feasibility, showing greater engagement and no safety violations compared to baseline strategies within
thesimulated environment. SAFE_DTx's safety-by-design architecture alignswith emerging regulatory emphasison Al transparency
and patient safety. It directly addresses key clinical challenges in Al-driven DTx personalization by ensuring that tailored
interventions do not compromise patient safety.
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compromise patient safety [2]. Because of these safety concerns,
fully autonomous DTx are generally not endorsed in current
practice; regulators and clinicians instead prefer Al-driven
therapies that include human oversight.

Introduction

Digital therapeutics (DTx) represent a paradigm shift in health
care delivery, offering evidence-based software interventions
for conditions ranging from attention-deficit/hyperactivity
disorder (ADHD) to chronic pain. However, implementing
Al-driven personalization in DTx presents unique clinical
challenges that demand careful consideration of patient safety.

To address these challenges, we propose SAFE_DTX, a safe
optimization framework for DTx that shifts the focus to
intermediate feedback signals as proximal objectives, rather
thanfinal clinical outcomesaone. In SAFE_DTx, an Al module
predicts the patient’s likely short-term feedback response (eg,

Current personalization approaches suffer from 2 critical
next-day engagement level or symptom change) to each of

limitations. First, robust long-term outcome dataremain scarce

in many DTx domains [1]. This makes it impractical—and
potentially unsafe—to directly optimizefor long-term outcomes,
as decisionswould otherwise be made with insufficient feedback
and could lead to inappropriate interventions. Second, complex
Al models may exhibit unpredictable behavior that could
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various therapy options. A separate planner then selects the
optimal action based on these predictions while enforcing
explicit medica safety constraints (eg, hard limits on
intervention intensity or rules for clinical escaation). By
optimizing these intermediate feedback signals, the DTx can
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intelligently adapt to the patient in fine-grained steps while
staying within established safety limits. In contrast to existing
DTx personalization methods that target distant outcomes and
conventional safereinforcement learning (RL) frameworksthat
focus purely on agorithmic bounds, SAFE_DTx doesnot claim
algorithmic novelty in its underlying learning mechanisms.
Rather, itsdistinct contribution isan architectural synthesisthat
uniquely operationalizes these adaptive principles for clinical
DTx by structurally separating clinical surrogate prediction
from predefined safety constraint filtering. This 2-step strategy
draws on principles of model-driven decision support: the Al
provides amodel of the patient’s near-term dynamics, and the
planner computes trestment deci sionsthat maximize cumul ative
intermediate feedback signals under explicit safety constraints.
Although the individual components of SAFE_DTx—such as
surrogate outcomes, prediction-planning separation, and
constrained optimization—are well established in operations
research and safe RL, our specific contribution lies in their
unigue architectural combination and framing tailored to enforce
safety boundariesin DTX.

Related Work

Al Personalization in Digital Health

There is a growing body of work applying machine learning,
especially RL, to personalize health interventions. In mobile
and digital health, RL has been explored to optimize just-in-time
adaptive interventions (JITAls) that deliver support (eg,
motivational messages or therapy prompts) at moments when
they are most needed [ 3]. These studies have shown that decision
policies can be learned from behavioral data to time
interventions for greater effect. Crucially, safety remains a
paramount concern. For instance, Weimann and Gif3ke [4]
provide a recent review of RL-driven behaviora DTX, noting
that although some implementations include simple safety
measures (eg, time caps on intervention delivery), they lack the
type of feedback prediction and constraint-aware planning
architecture we propose. Researchers emphasize that in health
care, RL policies should generaly be developed or validated
on existing datasets (offline learning) or realistic simulations,
rather than through trial and error on patients, to avoid unsafe
experimentation. Such recommendations align with safe RL
techniques discussed by Jayaraman et a [3] and Garcia and
Fernandez [5], who advocate approaches such as offlinetraining
and conservative Q-learning to improve safety; however, these
methods have yet to be integrated into rea-time DTx
personalization. For example, an offline RL approach for sepsis
treatment used a conservative algorithm that penalized actions
not well supported by the data, thereby avoiding extreme or
high-risk recommendations [6]. Thisillustrates that RL can be
adapted to prioritize patient saf ety by incorporating constraints
and risk awareness into the learning process. Beyond RL,
simulation-based optimization has a so shown promisein digital
health. For instance, Killian et al [7] recently optimized adigital
health intervention to improve patient engagement while
managing risks, underscoring the vaue of in silico
experimentation for safe DTx personalization.

https://medinform.jmir.org/2026/1/€78202
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Intermediate Feedback Signals

Using intermediate feedback signalsto guide therapy decisions
isawell-established concept in medicine. In drug devel opment,
for instance, surrogate end points (biomarkers or short-term
measures that correlate with true clinical outcomes) are often
used to evaluate treatments more quickly when final outcomes
are difficult to obtain. Similarly, DTx can monitor proxy
measures of patient progress during treatment. Many current
DTx aready collect rich in-treatment data as feedback. For
example, aFood and Drug Administration (FDA)—cleared video
game-based therapy for pediatric ADHD (AKL-TO01)
automatically adaptsits gameplay difficulty based onthechild's
performance and attention metrics, and those intermediate
metrics correlate with longer-term clinical improvements in
attention [8,9].

Likewise, in mental health DTx, momentary self-reported mood
or stressratings are often used to personalize intervention timing
[3]. Machine learning models have also shown success in
predi cting short-term mood fluctuations using passive datafrom
smartphonesand wearables[10,11], suggesting that aDTx could
forecast a patient’s immediate response to an intervention.
Engagement and adherence are another critical class of feedback
signals. many behavioral interventions rely on the patient’s
active participation, so intermediate measures such as app use
time, task completion rate, or session attendance are strong
indicators of whether the treatment is on track. In summary,
prior work indicates that short-term feedback signals
(performance metrics, momentary symptoms, and engagement
levels) can serve as effective surrogates for long-term outcomes
in DTx. Although existing DTx often track these signals
passively or usethem for smplerule-based triggers, SAFE_DTx
distinctly leverages them as the primary optimization objective
within a constraint-aware planning loop, enabling proactive,
data-efficient therapy adaptation.

Safety and Explainability in Al-Driven DTx

The use of Al in hedlth care, and in DTx in particular, has
prompted substantial discussion about ensuring safety,
transparency, and accountability. Researchers have highlighted
risks such as algorithmic bias, lack of interpretability, and
unpredictable behavior in clinical Al systems[2]. In response,
there is increasing emphasis on making Al explainable and
demonstrably safe. For DTX, this means that the Al-driven
decision logic should be transparent to clinicians and patients
and that the system should have safeguards to prevent harm.
Several frameworks and guidelines have emerged to manage
these risks. For example, Denecke et al [12] propose a DTx
Risk Assessment Canvas to systematically identify potential
safety risksin DTx, although this framework does not address
the unique challenges of Al-driven or real-time adaptive DTx.
Regulatory agencies such as the US FDA and the European
Commission are devel oping oversight approachesfor Al-based
medical software, including software as a medical device
(SaMD). These approaches emphasize good machine learning
practices (eg, training on representative data, prospective
validation, and monitoring for performancedrift) [2]. The FDA's
proposed action plan for Al-ML-based SaMD outlines a
risk-based approach to approval and highlights the need for
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algorithm transparency [13]. For example, regulators classify
an Al-driven intervention’srisk level partly by the roleit plays
in care; an assistive, constrained decision support tool may be
viewed aslower risk than afully autonomous system [14]. This
has practical implications for DTx developers: designing the
Al to make only incremental, bounded recommendations may
align with current regulatory frameworks prioritizing safety
oversight. In summary, current regulatory and ethical trends
support the type of safe-by-design approach embodied by
SAFE_DTx, wherein Al personalization is kept within strict
safety and explainability boundaries. Building on these
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foundations, SAFE_DTx addresses clinical safety concerns
through a 2-module architecture that separates feedback
prediction from treatment planning, enabling transparent
decision-making with explicit safety constraints.

SAFE_DTx Framework

Building on these foundational concepts, we present SAFE_DTx
as a modular closed-loop system designed to enable safe
Al-driven personalization in DTx. Asillustrated in Figure 1,
thearchitecture comprises 2 primary modulesworking in tandem
with a continuous monitoring feedback 1oop.

Figure 1. Two-step closed-loop architecture of SAFE_DTx. The patient response predictor module outputs predicted intervention efficacy, while the
safety-bounded decision module applies strict rule-based constraints before personalized intervention selection.
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Al Feedback Prediction Module

Thismoduleisresponsiblefor modeling the patient’s short-term
response dynamics. It ingests diverse data about the patient’s
current state, including recent interactionswith the DTx (which
modul eswere completed and how the patient performed), recent
feedback signals (eg, engagement metrics, symptom self-reports,
and physiological readings), and contextual information such
asthetime of day or patient history. Using thisinformation, the
Al module predicts the expected feedback outcome for each
candidate next action. For example, it might estimate “if the
patient is given arelaxation exercise now, their stresslevel one
hour later will decrease by 2 points on a 0-10 scale, with 90%
confidence.” Such predictions could be generated by machine
learning models trained on historical data from similar
patients—for instance, a recurrent neural network [15] that
captures how the patient’'s state evolves with each type of
intervention. Crucially, the Al module should also provide an
uncertainty measure with each prediction (eg, aCl or probability
distribution over possible outcomes). Well-calibrated uncertainty
guantification is important for safety [6,13]. Practically,
algorithmic uncertainty bounds must be trandated into
interpretable clinical confidence scores. If thisscorefallsbelow
apredefined safety threshold, the planner automatically defaults

https://medinform.jmir.org/2026/1/€78202

Personalized
intervention

to a clinically validated, lowest-risk fallback protocol, while
flagging the patient’s state on a clinician dashboard for
actionable human review. Techniques such as Bayesian neural
networks or ensemble model s (which aggregate multiple models
or use probabilistic methods to quantify uncertainty) can be
used to obtain these confidence estimates. The Al model would
be updated periodicaly (retrained or fine-tuned) as more data
from the specific patient become available, but such updates
must be performed cautiously and offline to avoid sudden,
untested shiftsin behavior during active treatment.

Safe Planning M odule

This modul e takes the predi ctive model’ s outputs (the estimated
outcome for each potential action, plus associated uncertainty)
and formulates an optimization problem to choose the next
action (or sequence of actions) that maximizes the expected
intermediate feedback signals while satisfying all safety
congtraints. If using an RL-based approach, the planner could
simulate different policy options using the model and evaluate
their expected long-term reward and then choose the best action
according to the learned policy. If using an optimization
approach, the planner strictly subordinatesits primary objective
(eg, maximizing predicted intermediate feedback) to
deterministic clinical boundaries. This architectural hierarchy
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ensures that the solver automatically filters out any action
violating expert-defined safety constraints before calculating
the optimal intervention schedule. In real time, as noted, the
planning may often be simplified to a 1-step lookahead where
the system selects the action with the highest predicted
immediate improvement that satisfies all safety constraints.
However, the architecture also supports a longer planning
horizon if needed—for example, simulating asequence of daily
actionsto plan an entire week’ stherapy in advance, if the model
can project that far. Crucially, safety constraints must be
explicitly defined per clinical domain by medical experts prior
to deployment. Rather than adapting to condition-specific
clinical nuances during runtime, the planning module treats all
expert-defined rules uniformly as strict mathematical boundary
conditions. This architectural separation allows the system to
systematically filter out violating actions before evaluating
predicted rewards, regardless of the underlying clinical context.
For instance, if the patient’s recent feedback indicates significant
fatigue or distress, the planner might be forbidden from choosing
ahigh-intensity exercise next. By incorporating such rules, the
planner ensures that any recommended treatment plan stays
within clinically acceptable thresholdsfor safety and tolerability.

Closed-L oop Delivery and Monitoring

Once the safe planning module selects an optimal action, that
intervention is delivered to the patient via the DTx platform.
The patient’s response to the intervention (eg, whether they
completed the task, their symptom rating afterward, or any
adverse signs) is then observed and fed back into the system.
This closes the loop: the new feedback is logged by the Al
prediction module, updating the patient’'s state. The next

Rim

decision cycle then repeats with the updated state information.
This continuous monitoring allows SAFE_DTx to dynamically
adjust the intervention and also to catch any warning signs. If
at any point the feedback indicates danger (eg, apatient’s mood
drops bel ow a predefined safety threshold or they report suicidal
ideation), SAFE_DTx can be configured with an immediate
safety override. In such a scenario, the planner’s sole “action”
would be to escalate care—for example, by triggering an aert
to a clinician or caregiver—rather than attempting a digital
intervention in isolation. Thus, the system not only optimizes
therapy but also acts as a safety net, reverting to human
intervention when necessary.

Overall, the 2-module architecture of SAFE_DTx (with separate
prediction and planning components) provides clarity and
flexibility. Each module can be validated independently, and
explicit safeguards (eg, uncertainty-aware defaults or hard
limits) can beinserted at multiple pointsin the decision process.
This modular design means that clinicians and regulators can
review and evaluate the planner’s decision rules and the
predictor's accuracy separately. Our design deliberately
integrates modern machine learning—to predict a patient’'s
short-term response—with rigorous operational constraints to
ensure that each chosen action is safe and clinically sound. It
is specifically aimed at addressing key challengesin Al-driven
health care, namely, data scarcity; the need for transparency;
and, above all, patient safety. These design differences are
summarized in Table 1, which compares SAFE DTx and
conventional Al personalization approaches across 4 key
dimensions. optimization target, safety mechanism, data
dependency, and transparency.

Table 1. Key differences between SAFE_DTx and conventional Al personalization approaches.

Characteristics SAFE_DTx

Conventional Al personalization

Primary optimization target

Safety mechanism

Data dependency for optimiza-
tion

Transparency and validation

Intermediate, clinicaly relevant feedback signals (eg,
engagement and daily symptoms)

Explicit safety constraintsin adedicated planning module,
uncertainty-aware predictions, and human escalation
protocols

Leveragesricher, real-time intermediate data for adapta-
tion

Modular architecture with prediction and planning sepa-
ration; planning module rules are scrutable and clinically

Often distant, long-term health outcomes (eg, remission)

Often relies on model robustness or implicitly learned
safety from data, with arisk of unsafe exploration

Requires scarce, delayed long-term outcome data, limit-
ing adaptability

Often relies on “black-box” systems, with decision
logicthat isdifficult to interpret or validate independent-

verifiable

ly

lllustrative Simulation

To evaluate the architectural feasibility of SAFE DTx, we
conducted a proof-of-concept smulationinacontrolled in silico
environment. It must be explicitly noted that these simulation
results are strictly illustrative and do not constitute evidence of
clinical effectiveness. We created a simul ated patient population
to emulate how patients might respond to various DTx
personalization strategies. For demonstration, we simulated a
cohort of 100 virtual patients with depression over a 56-day
intervention period, modeling daily mood and fatigue as
dynamic state variables. The simulated patient population was
modeled not as perfectly rational actors but as entities subject

https://medinform.jmir.org/2026/1/€78202

to stochastic behavioral changesto represent erratic engagement.
This environment serves specifically as a computationa
stress-test sandbox to verify the framework’s constraint
enforcement mechanisms. It isdesigned toillustrate architectural
logic, rather than to replicate complex human psychology or
demonstrate clinical efficacy. We also incorporated occasional
adverse events in the simulation: for example, if interventions
were too frequent or intense, there was asmall probability of a
sharp mood drop to represent a negative outcome. The
immediate reward at each step was defined as the patient’'s
engagement with the therapy (ie, whether they completed that
day’s intervention), which our SAFE_DTx agent aimed to
maximize as an intermediate feedback signal.
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Within this simulated environment, we compared our safe
optimization policy against two baseline strategies. First, a
greedy policy (unsafe baseline); thisis a naive personalization
strategy that tries to maximize the final outcome without using
intermediate feedback. In practice, this greedy strategy always
selected the action that historically yielded the best long-term
result, regardless of the patient’s current state or short-term
feedback. It did not incorporate any safety constraints. Second,
a static protocol (no personalization); this is a standard fixed
treatment schedule with no Al-driven adaptation. Thisrepresents
current practice in which every patient receives the same
sequence of interventions on a set schedule.

By running many simulation trials (50 independent runs per
strategy), we measured several outcomes to evaluate each
strategy. We tracked the cumulative intermediate feedback
signals (total engagement over the 56 days, which the
SAFE_DTx agent explicitly tried to maximize), as well as the
final clinica outcome for each strategy (to confirm that
improving short-term feedback indeed trandates into better
long-term results), and any safety violations (instances where
a simulated patient’'s state crossed an unsafe threshold,
representing apotential adverse event or clinically unacceptable
deterioration).

Our results showed that SAFE_DTx outperformed both baselines
on all key metrics. The safe optimization agent achieved greater
total engagement (intermediate feedback signals) over the course
of therapy and also led to better final outcomes on average.
Notably, optimizing the feedback signalsyielded superior final
outcomes within the simulation’s predefined state transition
logic: by theend of 56 days, the SAFE_DTx group had ahigher
mean outcome than both the static and greedy strategy groups.
Although this confirmsthe algorithm’s computational capability
to effectively optimize proximal targets under constraints, the
true clinical correlation between these specific intermediate
signals and long-term outcomes remains a subject for future
empirical validation. Furthermore, SAFE_DTx strictly avoided
safety breaches. Across simulations, the SAFE_DTx policy
incurred O instances of violating the predefined safety thresholds,
whereas the unconstrained greedy policy led to multiple such
violations (eg, triggering simulated adverse eventsin morethan
50% of the runs). The static protocol, while safe by virtue of

https://medinform.jmir.org/2026/1/€78202
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being conservative, was less effective, achieving lower
engagement and smaller improvements in outcomes.

Figure2illustrates 1 aspect of these findings: the average mood
trgjectory of patients under each strategy. The SAFE_DTx policy
maintained a higher and more stable average mood over time,
reflecting improved emotional stability under safety-aware
optimization, whereasthe greedy strategy achieved rapid initial
gainsin mood but then suffered severe crashesin the later weeks
(demonstrating the risks of an aggressive approach without
safety limits). The static schedule produced only modest initial
improvement and then plateaued, as it did not adapt to the
patient’s needs. Table 2 summarizes the overall comparison:
SAFE_DTx achieved the highest engagement (89% adherence
rate) and the lowest mood volatility (most stable mood), and it
had 0 “unsafe days,” in contrast to the greedy strategy, which
led to safety incidents on more than half of the simulated
trestment days. The static strategy fell in between, with moderate
engagement and no explicit safety incidents but also lessoverall
improvement.

These in silico findings illustrate the architectural plausibility
of the framework. Although they do not constitute empirical
clinical proof, the resultslogically demonstrate that optimizing
short-term feedback signalswithin structurally separated saf ety
boundaries can systematically prevent constraint violations in
a simulated environment. The current evaluation is strictly
constrained to a stress-test sandbox. It relies on stochastic
behavioral proxiesrather than complex human psychology and
uses heuristic baseline comparators solely to illustrate the
extreme boundaries of unconstrained adaptation vs nonadaptive
rigidity, rather than benchmarking against advanced safe RL
algorithms (eg, constrained policy optimization). Therefore,
transitioning from this architectural proof of concept to clinical
application mandates future studies incorporating formal
algorithmic benchmarking and closed-loop empirical validation.
In this way, the simulation served as a valuable sandbox to
refine  SAFE_DTx prior to clinica deployment. By
demonstrating in silico that feedback-driven optimization can
consistently improve intermediate and final outcomes without
safety breaches, we build confidence that the framework is
fundamentally sound and ready for cautious real-world testing.
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Figure 2. Average mood trajectory over 56 days across treatment strategies. The graph shows the mean daily mood score of 100 simulated patients
under 3 different strategies. The safe optimization strategy (solid yellow line) maintained a stable mood level over time, reflecting emotional stability
under safety-aware optimization. The static scheduling strategy (dashed pink line) showed initial mood improvement but gradually declined due to
unadapted scheduling. The unconstrained greedy strategy (dotted orange line) achieved sharp early gains but experienced severe mood crashes in the
second half, illustrating risks of overintensification without safety constraints.

10 4

9_

Mood score

Safe optimization
Static scheduling
Unconstrained greedy

Table2. Simulation results across strategies®

30 40 50
Day

Mood volatility, mean (SD) Unsafe days, n (%)

Strategies Engagement rate, n (%)
Safe optimization 1146 (88.8)
Unconstrained greedy 2098 (41.1)
Static scheduling 2034 (72.6)

0.93 (0.09) 0(0.0)
3.04(0.73) 2895 (51.7)
2.56 (0.82) 1227 (21.9)

#The table summarizes the outcomes of a56-day simulation involving 100 virtual patientswith depression under 3 treatment strategies: safe optimization,

unconstrained greedy, and static scheduling.

Discussion

Illustrative Applicationsin Different Therapeutic
Areas

Although our simulation focused on a depression scenario, the
SAFE_DTx framework isgeneral and can be applied to various
conditions where DTx are used. Here, we consider 2 examples
to illustrate how SAFE DTx might operate in different
therapeutic domains.

DTx for depression range from stand-alone mobile apps
delivering cognitive behavioral therapy (CBT) exercises to
platforms that combine behavioral activation, mood tracking,
and coaching. In depression, mood and anxiety levels can
fluctuate daily, and engagement with therapy is often erratic
dueto motivational difficulties. SAFE_DTx could enableaform
of JTAI for depression management, adjusting support based
on the patient's momentary state. The Al predictor would
forecast the patient’s near-term mood or stresslevel using recent
inputs, including self-reported mood ratings and passive
smartphone data such as activity or socia interaction patterns
[10,11]. The planner then chooses an intervention intended to
improve the projected mood or prevent a decline.

https://medinform.jmir.org/2026/1/€78202
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Safety is paramount in depression treatment, especially
concerning suicidal ideation. In a SAFE_DTx implementation
for depression, the system would be configured with strict safety
rules related to any signs of acute risk. For instance, if any
feedback suggests emergent suicidality or a severe spike in
hopelessness, the SAFE_DTx planner would not attempt any
digital intervention on its own. Instead, its sole “action” in that
situation would be to immediately escalate care—for example,
by triggering an aert to ahuman clinician or caregiver for urgent
evaluation—thereby ensuring that the patient receives
appropriate human-led care when needed. Thisapproach ensures
that autonomous personalization never oversteps its boundsin
high-risk scenarios; the Al remains a supportive tool and hands
control back to clinicians when serious risks arise.

The illustrative application in depression demonstrates how
SAFE DTx can be tailored to specific conditions. The
framework leverages condition-specific feedback signals and
interventions, while the core principle remains the same: use
Al predictions to personalize the treatment in real time and
strictly enforce safety through constraints and human oversight.
AsDTx expand to other areas (eg, diabetes management, anxiety
disorders, and cognitive rehabilitation), similar safe
personalization strategies could be devised. The generality of
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SAFE_DTx suggests that it could serve as a blueprint for
next-generation DTx that are both adaptive and trustworthy.

Limitations

Need for Clinical Validation

Asemphasized, the current evaluationisstrictly illustrative and
does not serve as empirical evidence of clinical effectiveness.
Transitioning from this structural proof of concept to real-world
clinical application requires a phased validation pathway: (1)
offlinevalidation using historical DTx log data, (2) an open-loop
pilot generating recommendations for clinician review, and (3)
a closed-loop RCT to confirm noninferiority in safety and
superiority in engagement. Factorsthat were simplified or absent
in our simulations—such as the placebo effect, variations in
patient adherence, comorbidities, and unpredictable human
behaviors—could influence outcomes. Thus, thereisuncertainty
about how well improvements in intermediate feedback will
translate to long-term clinical benefits in live use, and only
empirical testing can bridge that gap. Gradual, carefully
monitored deployment (eg, using SAFE DTx in an
observational study or alongside a clinician who can veto
actions) might be a prudent path to building trust and evidence
incrementally.

Regulatory and Liability Considerations

Beyond technical performance, there are practical considerations
regarding clinical responsibility and regulatory approval.
Although broad legal alocation of liability in SaMD remains
complex, SAFE_DTx addresses this technically. If deployed
strictly as a “decision support” tool with human-in-the-loop
oversight, liability largely remainswith the prescribing clinician.
Furthermore, by architecturally isolating the explicit setting of
constraints by clinical panelsprior to deployment, the framework
provides an engineering safeguard that enhances technical
traceability, which may assist stakeholdersin clarifying system
behaviors during liability assessments. Current regulatory
frameworks do not yet fully address such scenarios. Clear
guidelines, and possibly new regulatory categories, may be
needed to clarify liability in the context of adaptive Al
interventions. Those developing and deploying SAFE_DTx
should work closely with regulators from the earliest stages.
The FDA's evolving guidance on adaptive algorithms and the
European Union’s proposed Artificial Intelligence Act [14] will
likely shape the requirementsfor a system such as SAFE_DTx.
Positioning the framework as adecision support tool (asopposed
to an autonomous therapy) may align better with existing
regulatory pathways for lower-risk medical software.
Additionally, educating clinicians about how the system works
will beimportant for real-world integration. Clinicianswill need
to understand the rationale behind SAFE DTx's
recommendations, itslimitations, and when it may be necessary
to override or intervene. Building this human-Al partnershipin
care delivery isasocia challenge that goes hand in hand with
the technical solution.

Theoretical Guarantees vs Empirical Safety

Our framework currently enforces safety viadesign constraints
and has shown no safety violations in testing, but we have not
formally proven that the system will never take an unsafe action
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Rim

under all possible conditions. In other words, thereis not yet a
mathematical guarantee of safety. Providing formal safety
assurances (for instance, using verification methods or proving
certain properties about the algorithm) would further strengthen
confidence, especially for high-stakes medical use. Thisremains
an areafor future work.

Future Directions

Future Research Directions

Despite these limitations, the potential of safe optimization in
DTx is significant. We outline a few directions for future
research to strengthen and expand SAFE_DTx. Each of these
directions represents an opportunity to make SAFE_DTx more
robust, generalizable, and usable. Ultimately, achieving thefull
vison of SAFE DTx will require interdisciplinary
collaboration—engaging experts in Al, human-computer
interaction, clinical practice, and health policy.

Hybrid Modeling Approaches

Combining data-driven learning with knowledge-based rules
or physiological models could further strengthen the framework.
For instance, the planner’s safety constraints or initial policy
could be informed by established clinical guidelines (eg,
maximum exercise heart rate rules in a cardiac rehabilitation
DTx), and then the Al can fine-tune the policy within those
bounds. This hybrid approach might accelerate learning while
maintaining safety and interpretability.

I ncorporating Additional Data Modalities

Richer data sources such as genomics, biomarkers, or medication
data could be integrated into the personalization loop. For
example, if a DTx is used alongside pharmacotherapy,
SAFE _DTx could adjust its recommendations on days when
medication is taken (or based on predicted drug side effects) to
better synergize with pharmacokinetics. Multimodal datacould
improve the predictor's accuracy and open up hew
personalization opportunities, albeit with the requirement to
also incorporate any modality-specific safety checks.

Expanded Simulation Studies

Before moving to large clinical trials, it would be beneficial to
create more comprehensive simulation environmentsor “ digital
twin” models for other conditions to stress-test SAFE _DTx.
For instance, one could simulate a cohort of patients with
diabetes using a DTx for blood sugar management to ensure
SAFE_DTx handlesrare events such as hypoglycemiacorrectly.
Similarly, simulations for anxiety disorders or rehabilitation
therapies could reveal condition-specific challenges. Such
extensivein silico experimentation can uncover potential safety
issues and edge cases in a risk-free manner, allowing the
framework to be refined further.

I ntegration With Clinical Workflow

Research should explore how to effectively integrate SAFE_DTXx
into the routine clinical workflow. The system might provide
periodic summary reports to human clinicians, for example:
“The patient’s digital therapy data indicate consistently high
stress on Mondays; consider adjusting Monday’s in-person
therapy or workload.” By communicating salient insights and
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remaining under human oversight, SAFE_DTx can augment
care without supplanting it. Designing user interfaces and alert
mechanisms that deliver the right information at the right time
to clinicians (and feedback to patients to maintain their
engagement and trust) will be key for real-world adoption.

Conclusions

In this paper, we introduced SAFE _DTX, a framework that
combines Al-driven feedback prediction with safe planning to
personalize digital therapy. Unlike conventional approaches,
SAFE_DTx explicitly optimizesintermediate feedback signals
under medical safety constraints, enabling fine-grained
adaptation to the patient while proactively managing risk. By
shifting the optimization target to intermediate feedback signals,
the framework mitigates the data scarcity associated with distant
clinical outcomes. Concurrently, by decoupling predictive
mechanisms from deterministic constraints, the architecture
helps address Al opacity and ensures patient safety. Our
illustrative examples in mental health and other domains
demonstrate how SAFE_DTx adapts to different contexts by
optimizing  short-term  feedback.  Although  these
simulation-based observations serve to validate the structural
logic rather than provide clinical proof, they establish aplausible
foundation for the use of this modular approach to proactively
manage patient risk.
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