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Abstract

Simulation models support policymakers, clinicians, and
community members in identifying and evaluating interven-
tions to improve population health. While these models are
particularly valuable to measure the fairness of interventions,
such measurements may require simulating massive popu-
lations in order to isolate effects for specific groups (e.g.,
by race and ethnicity, gender, age). This can create a com-
putational bottleneck, forcing tradeoffs such as simplifying
a model (thus potentially losing accuracy) or running fewer
simulations (thus accepting wider confidence intervals) in ex-
change for sufficiently large populations. In addition, policy-
makers, clinicians, and community members can be involved
at the design stage of a simulation model but its complex set
of rules often tends to preclude participation at later stages.
This discussion considers the use of Machine Intelligence to
tackle both challenges, by automatically scaling up simula-
tions and explaining them to stakeholders. This potential is il-
lustrated through the public health challenge of mental health,
focusing on agent-based models for suicide prevention.

Introduction
Modeling & Simulation (M&S) has a long history in men-
tal health and can be broadly divided into two applications.
Simulation-based education includes the use of simulated
patients to train students and clinicians (Williams et al. 2017;
Herrera-Aliaga and Estrada 2022). This discussion focuses
on simulations as decision-support tools for health interven-
tions (Long and Meadows 2018). In this context, a simu-
lation model proceeds through several stages, from the ab-
straction of a system to its implementation in a computa-
tional format that allows to ask ‘what-if questions’. When
using models as ‘policy sandboxes’ (Silverman et al. 2021),
what-if questions may pertain to policy design by “assessing
the relative merits of alternative policy prescriptions in meet-
ing the policy objectives” (Gilbert et al. 2018), or they may
serve the needs of policy evaluation by comparing changes
after policy implementation with respect to a status-quo ex-
pectation. What-if analyses have supported a variety of in-
quiries in the field of mental health, such as how to maintain
quality of service in the delivery of mental health services
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given rising needs (Pierotti et al. 2024), or how to find effec-
tive mental health interventions at lower costs (Silverman
et al. 2015). Since mental disorders cover a large variety of
disturbances in behavior and cognition (e.g., eating disor-
ders, schizophrenia, depression), we focus on suicide pre-
vention as a guiding example of a major public health prob-
lem in which simulations are being used and where mental
health plays a significant role.

Our recent review documented the increasing use of M&S
in suicide research (Schuerkamp et al. 2023), with models
serving to study interventions such as school-based men-
tal health literacy programs (Page et al. 2017), changes in
the number of psychiatric beds, suicide helpline services,
or the duration of antidepressant treatments (Zhang et al.
2023). The heterogeneity of suicide has been documented,
showing that suicide ideation can result from different ex-
periences and pathways (Coppersmith et al. 2024). Given
this heterogeneity, modelers have often employed Agent-
Based Models (ABMs) to simulate individuals. These het-
erogeneous agents are equipped with their own character-
istics, are embedded in different communities (Figure 1),
and can express different behaviors (Michail and Witt 2023).
ABMs provide powerful virtual laboratories to study the
detailed effects of interventions. In particular, they can be
used to ensure that a potential intervention does not unin-
tentionally penalize certain population subgroups. For in-
stance, users can compare the effects of interventions over
time and across sub-populations based on features such as
gender, race and ethnicity, or socio-economic category. In-
tersectionality should not be neglected in computational as-
sessments of health disparities (Mhasawade, Zhao, and Chu-
nara 2021), so modelers may need to simulate populations
that have sufficient sample sizes at the intersection of spe-
cific categories (e.g., enough agents who are non-Hispanic
white males using healthcare services). This is a challenge,
as it becomes computationally intensive to handle simulated
populations that are large enough to afford detailed analyses
at the sub-group level (Huddleston et al. 2022).

As emphasized by Gilbert and colleagues, “communi-
cation is necessary to clearly explain results, and their
limitations, ensure that the outputs are used appropriately,
and build confidence in the modeling process and out-
puts” (Gilbert et al. 2018). In a similar way, Grimm et al.
consider that decision-makers need information to evaluate
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Figure 1: An Agent-Based Model (ABM) consists of indi-
vidual entities (agents) who interact among themselves and
with the environment. An ABM can represent population
heterogeneity as agents have different demographic charac-
teristics and other relevant traits. This example shows sam-
ple features of an ABM for mental health at several levels,
using the social-ecological categorizations.

a model before using its outputs: purpose of the model, its
organization, and evidence that it works (Grimm et al. 2020).
We argue that communication is essential when using sim-
ulations for interdisciplinary and cross-sectoral problems
such as mental health: subject-matter experts from different
domains (e.g., epidemiology, psychology) may be involved
in building and validating the model, and cross-sector col-
laboration is necessary to implement interventions in mul-
tilevel healthcare systems. In addition, ‘communicating a
model’ is not a one-way process: feedback from subject-
matter experts and key actors can provide clarifications and
sustain engagement throughout the modeling process. A re-
cent review in a different field reported that participants were
not engaged in the modeling process beyond requirements
elicitation and design (Manellanga and David 2024). While
there is no current review dedicated to communication or
engagement at different stages of simulation modeling for
mental health, we posit that there is a similar paucity of
methods to communicate results along with the modeling
process that produced them.

In this paper, we identify potential means to address the
challenges of equity and explainability in simulation models
for mental health through new uses of machine intelligence.
This discussion builds on emerging technology and pilot
studies conducted since our prior vision paper dedicated to
cross-pollination between machine learning and M&S (Gi-
abbanelli 2022).

Scaling-Up Computationally Intensive
Simulations for Health Equity

In the context of Agent-Based Modeling, the notion of
‘fairness’ or ‘equity’ has been operationalized in differ-
ent ways. For example, it can mean that all agents would
receive a benefit (although some may benefit noticeably
more than others) and that it is economically viable for a
service provider (Thorve et al. 2024). Williams and col-
leagues suggest that assessing equity is a shift from the dom-
inant approach in the literature of averaging results across
agents (Williams et al. 2022). Their review of 141 ABMs fo-
cused on equity and related notions found that most studies
(n = 60) approach equity using a distributional approach,
whereby outcomes are stratified by group identity. In our
context, it means that a mental health intervention is consid-
ered more equitable when the groups receive similar bene-
fits. Fewer studies (n = 40) performed complementary anal-
yses to examine the conditions that gave rise to inequalities
among groups. This observation echoes the findings of a re-
view by Boyd et al., who found that ABMs of inequalities
in health tended to focus on differences in health behaviors
and did not systematically delve into the causes of these in-
equalities (Boyd et al. 2022). A simulation may not be able
to show that an intervention yields equitable outcomes: for
instance, an intervention such as after-school programs can
produce different impacts due to structural racism and dis-
investment in some communities. In this case, analyzing the
causes of inequalities provides a broader context to situate
the simulated outcomes.

Large-scale simulations are needed to assess equity us-
ing a distributional approach. In other words, if the simu-
lation needs sufficiently large subgroups for various com-
bination of features (e.g., age, gender, race and ethnicity,
socio-economic status) then the total number of simulated
agents would be large. There are several ways in which ma-
chine learning could help with the associated computational
challenges. In this paper, we suggest that the choice of ap-
proach would depend on whether end-users are potentially
interested in many subgroups during later inquiries (post-
simulation) or whether few specific subgroups have been
identified prior to performing simulations (pre-simulation).

If analyses can concern many subgroups that are not se-
lected a priori, then the whole population needs to be sim-
ulated and machine learning techniques such as surrogate
modeling can be appropriate (Figure 2a). In this approach, a
few (computationally expensive) simulations are performed
and their results provide training data, which is fed to a ma-
chine learning algorithm (e.g., neural network, support vec-
tor machine) to predict the results of other simulations at
a fraction of the computational cost (Angione, Silverman,
and Yaneske 2022). This is a well-known approach in en-
gineering and in health. For example, we showed that ma-
chine learning algorithms could predict the cost of a sim-
ulation, and if it is too computationally expensive given a
specific combination of parameter values, then a surrogate
model would be employed to predict the result (Fisher et al.
2020). To the best of our knowledge, surrogate models for
simulations have not yet been used in models of suicide or
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in the broader literature on mental health. A recent review on
ABMs for policy research in substance abuse (an important
risk factor for suicide) included surrogate models among fu-
ture directions for the field (Zhong, Li, and Mangoni 2023),
but this continues to be an untapped potential.

If analyses are devoted to a few pre-selected groups, then
it is not necessary to simulate the whole population. How-
ever, it does not mean that we can only simulate the groups
of interest. For example, consider that policymakers are con-
cerned with the increase of firearm suicide rates for non-
Hispanic Black and Hispanic people, thus they wish to eval-
uate interventions specifically in these two subgroups. Re-
moving every other agents from the simulations would lead
to an incorrect estimate for the two subgroups of interests,
since their experiences (e.g., discrimination) are shaped in
part through their interactions with other groups. In this
case, we recommend using mixed model granularities/res-
olutions: the subgroups of interest must be highly detailed
(i.e., large populations of agents with the desired character-
istics) and a low fidelity model can be used for each of the
other subgroups (i.e., they get fewer agents). While ABMs at
different population granularities (e.g., few agents vs. many
agents) have been analyzed (Guizani et al. 2019), less at-
tention has been devoted to ABMs with mixed population
granularities. Groups that are not the focal point but need to
exist in order to provide relevant interactions can be simpli-
fied (Figure 2b) either by aggregating several agents into a
representative one (Lippe et al. 2019; Wise et al. 2023) or by
‘downscaling’ through the use of a sample of agents (Hosszú
et al. 2024). So far, neither technique has been employed in
simulation models for mental health.

Explaining Simulations to Clinicians,
Policymakers, and Community Members

Several studies in mental health have long shown that health-
care providers and patients do not always comply to guide-
lines (Hepner et al. 2007) even if they initially intended
to follow them or viewed them positively (Rebergen et al.
2006). Barriers to compliance can be related to insufficiently
understanding the guidelines (knowledge), disagreeing with
its content (attitude), or a variety of external causes (Lugten-
berg et al. 2016). Given this backdrop, it stands to reason
that simulations will face an even more challenging situ-
ation: we have to clearly convey how a sophisticated ma-
chinery (e.g., agent-based model and machine learning) pro-
duced a set of results based on the interdisciplinary exper-
tise that went into the model design. Without clear expla-
nations, misunderstandings and disagreements may prevent
a model from making a difference in practice. Our usability
study on a model of physical and mental well-being with ex-
perienced policymakers demonstrated the challenges of ex-
plaining the inner workings of a simulation model through
visualizations (e.g., node and link diagrams), as these for-
mats were unusual to the target audience (Giabbanelli and
Vesuvala 2023). Thanks to the emergence of Large Lan-
guage Models (LLMs) such as GPT, it is now possible to
generate explanations in a format that transcends the differ-
ent groups of users: textual reports. In addition, the quality

Figure 2: Health equity may require larger subgroups, which
increases the total population size. To produce results within
a time frame acceptable to stakeholders and given the re-
sources available, we can either use surrogate modeling (a)
or different types of simplifications (b).

of these reports can be automatically assessed for factuality
or readability, thanks to fast-paced progress upon early gen-
erations of GPT where hallucinations or fluency were major
concerns.

Recent studies have provided several prototypes that con-
tribute to diverse facets of explaining simulation models. As
mentioned in the introduction, a simulation model starts as
an abstraction of a system, for instance as a graphical rep-
resentation that lists relevant constructs and details the na-
ture of their interrelationships. The task of graph-to-text can
turn such representations into reports using LLMs. A poten-
tial concern for specialized domains such as mental health
is that an exclusively reliance on the knowledge model of a
LLM may lead to hallucinations or misunderstandings in the
generated text. Phatak and colleagues have shown that pro-
viding a handful of examples would already alleviate these
issues in the case of generating explanations of a suicide
model (Phatak et al. 2024). While the translation of a de-
sign into text has now been covered by multiple studies,
the explanation of results produced by Agent-Based Mod-
els has received less attention. Lynch et al. have shown that
the events experienced by agents could be turned into short
narratives in the form of tweets, which resembled real-world
tweets in several aspects (Lynch et al. 2023).

While these studies demonstrate the feasibility of explain-
ing the journey of agents or the intricate design of a model,
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numerous questions remain. First, proof-of-concept studies
have shown that we can produce text, but readers were no-
tably absent. We thus need extensive user studies with sev-
eral stakeholder groups (e.g., community members, clini-
cians, policymakers) to examine whether a generated nar-
rative is clear for individuals, and whether providing it in-
creases confidence in a model. The heterogeneous profile
of stakeholder groups also suggests that the generated text
should be customized based on their needs. Second, the abil-
ity of turning the experiences of an agent into text does not
mean that we are ready to transform the complete output
of a simulation into text. Indeed, a simulation may consists
of millions of agents, and the simulation may be performed
several times to account for randomness. Since it is impossi-
ble to express the voices of all simulated agents, there should
be a simplification. Should we pick a handful of agents, and
if so, on which basis should they be selected for narratives?
For example, we could produce narratives to exemplify dif-
ferent pathways to suicide ideation and attempt, such as in-
volving substance use and abuse or adverse childhood expe-
riences. Or should we instead produce narratives from a mul-
titude of agents and then apply summarization algorithms to
create a narrative that is just as long as a user desires? The
future of the field presents several potential tradeoffs that are
yet to be explored in the context of mental health.
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