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Abstract

When intervention scientists plan a clinical trial of an intervention, they select an outcome metric that operationalizes their
definition of intervention success. The outcome metric that is selected has important implications for which interventions are
eventually supported for implementation at scale and, therefore, what health benefits (including how much benefit and for
whom) are experienced in a population. Particularly when an intervention is to be implemented in a population that experi-
ences a health disparity, the outcome metric that is selected can also have implications for equity. Some outcome metrics
risk exacerbating an existing health disparity, while others may decrease disparities for some but have less effect for the
larger population. In this study, we use a computer to simulate implementation of a hypothetical multilevel, multicompo-
nent intervention to highlight the tradeoffs that can occur between outcome metrics that reflect different operationalizations
of intervention success. In particular, we highlight tradeoffs between overall mean population benefit and the distribution
of health benefits in the population, which has direct implications for equity. We suggest that simulations like the one we
present can be useful in the planning of a clinical trial for a multilevel and/or multicomponent intervention, since simulated
implementation at scale can illustrate potential consequences of candidate operationalization of intervention success, such
that unintended consequences for equity can be avoided.

Keywords Intervention science - Equity - Resource allocation - Multilevel interventions - Simulation

In the design of clinical trials, intervention scientists specify
what constitutes a successful result—that is, what outcome
the prevention or treatment intervention is intended to pro-
duce. When an intervention is expected to produce desirable
outcomes on a population level, “intervention success” can
be operationalized in a variety of ways. Often, intervention
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scientists operationalize success in terms of overall mean
health outcomes, for example, by setting a goal to reduce
mean symptom severity across an entire population. Some-
times, intervention scientists operationalize success in terms
of the distribution of health outcomes, for example, by set-
ting a goal to reduce the range of symptom severity observed
in the population. How success is operationalized influences
every element of the trial from how metrics for primary out-
comes are defined to initial power analyses to interpretation
of results—including determination of whether an interven-
tion is “effective” and thus worth implementing. By exten-
sion, how success is operationalized has important impli-
cations for which interventions get delivered at scale, with
what benefits, and for whom.

The question of which interventions get delivered at
scale—and with what benefits for whom—has important
implications for health equity. Equity has long been a prior-
ity of many health researchers (Nelson, 2002) attuned to
the history of racial injustice and its present consequences
(Zambrana & Williams, 2022). Current events and social
movements (e.g., Black Lives Matter) have amplified the
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need for reflection and education (Shim, 2021), changes to
policy and funding (Liao et al., 2021; Nundy et al., 2022),
and reforms in the delivery of health services (Weine et al.,
2020). This has been matched by calls to reform the prac-
tice of science (Biglan et al., 2023; Brownson et al., 2021;
Kerkhoff et al., 2022; Murry et al., 2022). This paper adds
to this growing body of literature by examining implications
for health equity when using common metrics (e.g., mean
score or Cohen’s d) to analyze the success of an intervention
in impacting impact health outcomes (e.g., mental health
symptoms).

In this study, we use a computer-based simulation of a
hypothetical multilevel, multicomponent intervention to
demonstrate how choices about the operationalization of
intervention success can shape how health benefits are expe-
rienced across a population when an intervention is imple-
mented widely (e.g., who experiences change, how much,
and to what end post-intervention). A multilevel, multicom-
ponent intervention is one in which two or more levels of
influence—for example, child symptoms and clinic-level
functioning—are targeted using two or more intervention
components—for example, a treatment component and a
screening tool. The simulation is designed to inspire further
consideration and discussion among investigators designing
clinical trials. In particular, we highlight tradeoffs among
different types of population benefit under different opera-
tionalizations of intervention success, with a particular focus
on implications for health equity. We suggest that systemati-
cally considering such tradeoffs a priori is a useful exercise
for intervention scientists who are designing trials for multi-
level and/or multicomponent interventions, especially when
those interventions are eventually to be implemented in a
population that experiences a health disparity.

Overview of the Simulation
Motivating Context

For our computer simulation, we imagine a multilevel treat-
ment and screening intervention to improve the mental
health of a population of children. Mental health symptoms
are distributed across this hypothetical population in a real-
istic way: the majority of children have few symptoms, a
smaller number of children have more symptoms, and a sub-
set of the population experiences a level of symptom severity
that exceeds a diagnostic threshold. Among individuals who
exceed this threshold, and are therefore eligible for treat-
ment, symptoms range from mild to severe across 20 dif-
ferent categories of severity. Additionally, we imagine that
everyone in this population is a member of one of two read-
ily identifiable subgroups: A and B. On average, subgroup
B experiences higher symptom severity than subgroup A;
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therefore, more of the members of subgroup B are eligible
for treatment than subgroup A. Subgroup B also experiences
more barriers to accessing care and is, thus, more costly to
reach.

The hypothetical intervention includes multiple compo-
nents. One category of components consists of treatment
services that directly improve mental health symptoms
on the individual child level. Our simulation assumes that
more implementation of treatment services leads to greater
“effectiveness”—i.e., a larger health benefit for each child
who receives treatment. A second category of intervention
components consists of mental health screening services
delivered at the clinic level. Our simulation assumes that
more implementation of screening services leads to greater
“reach”—i.e., a larger proportion of the eligible popula-
tion receiving treatment. Because all implementation deci-
sions are constrained in practice by resource constraints
(Klonschinski, 2014; Weinstein et al., 2009), our simula-
tion constrains implementation of treatment and screening
services by imposing a fixed upper limit on implementation
cost (in US dollars). Thus, any decision to implement ser-
vices incurs an opportunity cost (Russell, 1992); that is, the
resources that go into implementing certain services cannot
be allocated elsewhere (e.g., to deliver other useful services).

Simulating Implementation

For each iteration of the simulation, the starting point
involves operationalizing success for the hypothetical inter-
vention. We imagine that a hypothetical intervention scien-
tist is asked to identify what outcome or combination of out-
comes they care about most for the hypothetical population,
and we then try all possible combinations of services (treat-
ment services and screening services for subgroup A and for
subgroup B) within the fixed cost constraint, identifying the
one that maximizes that outcome (or combination of out-
comes). We use this to indicate how implementation would
proceed, and with what eventual health benefits, depending
on the way in which intervention success is defined.

Operationalizing Intervention Success

We consider three (of many) possible primary outcome met-
rics to quantify mental health symptom scores. Each repre-
sents one answer to the question of how to operationalize
intervention success—i.e., what matters most to the hypo-
thetical intervention scientist:

(1) Overall population impact, defined as the product of
effectiveness and reach (i.e., effectiveness X reach;
Glasgow et al., 2001). Because a zero value for either
effectiveness or reach means that their product is also
zero, this strategy favors a balance of effectiveness and
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reach. Prioritizing the product of effectiveness and
reach on a mean population level also gives priority
to those who are relatively easier (i.e., less costly) to
reach—in this hypothetical scenario, subgroup A.

(2) Proportion of the eligible child population that expe-
riences clinically significant change in mental health
symptom severity. Prioritizing this metric similarly
defines intervention success in terms of a balance of
effectiveness and reach for the overall population—but,
in contrast to the first strategy, only enough effective-
ness to produce a minimal clinically important differ-
ence (MCID). An MCID reflects a patients’ change in
score from a clinical intervention that is meaningful
for that patient (Cook, 2008). The MCID represents
the minimum amount of effectiveness that can be
interpreted as clinically meaningful. In this strategy,
we constrain effectiveness to be no greater than the
MCID, thereby increasing the proportion of the popula-
tion that can experience at least some degree of benefit.
As before, priority is given to those who are relatively
easier to reach: subgroup A.

(3) Functioning among members of the population who
have the highest symptom severity. The priority in this
case is the “tail” of the distribution of symptoms in
the population after treatment, and the goal is to mini-
mize the burden of mental health problems for children
who are most severely affected. Stated differently, this
maximizes the minimum outcome. Intervention suc-
cess, then, is defined as the balance of effectiveness
and reach that achieves this end. This strategy prior-
itizes those in either subgroup with the most severe
symptoms but especially the subgroup that experiences
greater symptom severity—in this hypothetical sce-
nario, subgroup B.

Evaluating Performance and Identifying Tradeoffs

Using these three primary outcome metrics—each of which
represents a different operationalization of intervention
success—we run three separate versions of the simulation,
identifying the combination of services that maximizes the
identified priority outcomes in each version. Because we
evaluate implementation of this hypothetical intervention in
simulation, we have the benefit of perfect information about
the consequences (i.e., the mental health benefits or any lack
thereof) for the simulated population of children. For each
simulation version, we report the three outcomes described
above: overall population impact, proportion of the eligi-
ble child population that experiences clinically significant
change, and functioning among those with highest symptom
severity. We also report mean symptom severity pre- and
post-intervention, and mean symptom severity for the group
with the most severe symptoms pre- and post-intervention.

We report all of these for the overall population and for the
two subgroups, A and B. Comparing results across the three
alternative operationalizations of success allows us to iden-
tify associated tradeoffs, or types of benefit that could have
been achieved but were not, given the specific operationali-
zation of intervention success.

Methods
Brief Overview

The context of our simulation is a hypothetical multilevel
intervention designed to screen and treat mental health
symptoms in children. We simulated two subgroups of a
population (A and B)—one of which experiences mental
health symptoms that are 20% higher than the other and
also costs 20% more to reach (Step 1). Then we simulated
implementation of a multilevel intervention that is capa-
ble of different levels of effectiveness and reach for these
subgroups depending on how success for the intervention
is operationalized (Step 2), and we evaluated the resulting
health benefits (or lack thereof) for the two subgroups and
overall population (Step 3).

Step 1: Simulating Population Subgroups

Symptoms in subgroup A follow a lognormal distribution,
similar to empirical results for the widely used Strengths &
Difficulties Questionnaire (mean= 1, standard deviation=1;
Sheldrick et al., 2015). Consistent with estimates from the
Centers for Disease Control and Prevention that 1 in 5 chil-
dren currently or at some point during their life have a seri-
ously debilitating mental illness (Merikangas et al., 2010),
we identified the symptom score above which 20% of the
simulated children score and used that score to define a
hypothetical diagnostic threshold.

Symptoms in subgroup B similarly follow a lognor-
mal distribution but with a mean symptom score that was
20% higher (mean=1.2; standard deviation=1). Because
subgroup B experiences more mental health symptoms,
26.1% of children in this subgroup scored above the diag-
nostic threshold. Thus, in the overall simulated population,
a greater proportion of the children who meet criteria for
intervention are from subgroup B (26.1/(26.1 +20.0)) than
from subgroup A (20.0/(26.1 +20.0)).

Within each subgroup, we stratified individual children
into 20 “bins” based on their symptoms scores (Fig. 1).
Using 20 bins is analogous to a 20-point range on a check-
list of mental health symptoms (bins are also referred to
as intervals or buckets). Then, in each bin we assigned a
mental health score equivalent to the minimum value for
the bin to all members of that bin. In subgroup A, the least
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symptomatic bin had a score of 6.3; the most symptomatic,
a score of 27.8. In subgroup B, the least symptomatic bin
also had a mean score of 6.3, but the most symptomatic had
a mean score of 30.7.

Step 2: Simulating Implementation
of a Hypothetical Multilevel Mental
Health Intervention

We define the effectiveness of the hypothetical interven-
tion in terms of a change in symptom severity (lower score
indicates fewer symptoms and, thus, is better) and clinically
significant change in terms of a MCID of 2 points. Larger
effectiveness is accomplished by investing more money into
treatment services (e.g., training and quality assurance for
cognitive behavioral therapy). We assume that treatment
services necessary to affect a 1-point change in symptoms
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costs $62,500 for patients from subgroup A and $75,000 for
patients from subgroup B.

We define reach as the proportion of the eligible popula-
tion (overall or subgroup-by-subgroup) that receives treat-
ment. Greater reach is accomplished by investing more
money into screening services (i.e., such that eligible individ-
uals are identified). We assume that the investment necessary
to reach each 1% of the total patient population be $10,000
for patients from subgroup A and $12,000 for patients from
subgroup B. In the eligible population that had symptoms
that met or exceeded the threshold for eligibility, 43.4% were
from subgroup A. Thus, the cost to reach all eligible individ-
uals from subgroup A would be 0.434 x 10,000 =$434,254.
In the eligible population, 56.6% were from subgroup B.
Thus, the cost to reach all eligible individuals from subgroup
B would be 0.566 x 12,000 =$678,895. We let the fixed cost
constraint under which the hypothetical investigator must
operate equal $1,000,000, and we assume that all dollars
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must be allocated among four different services: treatment
services in subgroup A, screening services in subgroup A,
treatment services in subgroup B, and screening services in
subgroup B.

In the first-simulation version, the outcome metric used
to operationalize intervention success is overall population
impact, defined as the product of effectiveness and reach
(e.g., Glasgow et al., 1999, 2001) for the eligible population
(including children from both subgroups A and B). The most
successful intervention is the one that combines treatment
and screening services for the subgroups in a manner that
maximizes impact in the eligible population. In the second
simulation, the outcome metric used to operationalize inter-
vention success is the proportion of the eligible population
that experiences a MCID; the most successful intervention
is the one that maximizes the proportion of eligible children
(from either subgroup A or subgroup B) who experience an
improvement in symptom severity of 2.0. In the third simula-
tion, the outcome metric used to operationalize intervention
success is mean symptom severity post-intervention among
the 5% who experience the most severe symptoms; the most
successful intervention is the one that minimizes symptoms
for these children, including children from either subgroup
A or B.

Step 3: Identifying Successful Interventions
and Evaluating Resulting Health Benefits

To identify the most successful intervention in each simula-
tion version, we ran a grid search of possible allocations to
treatment and screening services in subgroups A and B (i.e.,
all possible interventions composed of some set of services
for the two subgroups). A grid search is a method for fine
tuning a model in which an exhaustive search of all possible
combinations of parameter values is conducted, ultimately
arriving at a model producing the most accurate predictions.
For example, a grid search might begin by allocating all
$1,000,000 to treatment services in subgroup A, then pro-
ceed to allocate $997,500 to treatment services in subgroup
A and $2,500 to screening services in subgroup A, followed
by allocating $995,000 to treatment services in subgroup
A and $5,000 to screening services in subgroup B and so
on. The grid search proceeds until all allocations have been
tested (ending with all $1,000,000 allocated to screening
services in subgroup B). Our grid search considered all pos-
sible allocations (1,373,701) of the available $1,000,000 (in
increments of $2,500) across the four service categories (i.e.,
treatment services in subgroup A, screening services in sub-
group A, treatment services in subgroup B, and screening
services in subgroup B). For each allocation, we recorded
the priority outcome for that particular simulation version.
Any time the grid search tested a new budget allocation that
produced a better priority outcome, the computer simulation

identified that allocation as the most successful form of the
intervention. By considering all possible allocations, we
identify the allocation—and thus, the intervention—that
yielded the most desirable outcome given the operationali-
zation of intervention success.

When the most successful allocation (intervention combi-
nation) was identified under the three operationalizations of
intervention success, we evaluated health benefits in the two
subgroups and the overall population using the following
outcome metrics: (1) mean mental health scale scores pre-
and post-intervention; (2) reach; (3) effectiveness; (4) impact
(i.e., effectiveness X reach, or the first-priority outcome); (5)
the percent that achieved MCID (the second-priority out-
come); and (6) the mean mental health scale scores in the
most severe 5% (the third-priority outcome).

Results

Figure 2 summarizes the results for all outcome metrics
under each operationalization of intervention success (1
through 3).

Operationalization 1: Overall Population Impact

Across all combinations of services tested (each reflecting a
different budget allocation), the maximum value of popula-
tion impact was obtained when all resources were allocated
to services for subgroup A (see “Budget allocation” for
“Operationalization 1” in Fig. 2). Of the $1,000,000 dol-
lars invested into subgroup A, $435,000 went to screening
services. This was enough to reach all eligible members of
subgroup A (see column for “Subgroup A” under “Opera-
tionalization 1” in Fig. 2). The remaining $565,000 went to
treatment services, yielding a large 9-point change in mental
health scale scores (effectiveness) for those who received
treatment in subgroup A. Though no dollars were allocated
to support the implementation of the hypothetical interven-
tion in subgroup B, the improvements among subgroup A
were enough to improve mean metrics for the overall popu-
lation. There was a reduction in mean mental health scale
scores from 11.8 points at baseline (as indicated in Fig. 1)
to 8.2 points (as indicated in the “Population” column under
“Operationalization 1” in Fig. 2), resulting in an overall
impact (i.e., average change in symptoms across everyone
in the eligible population) of 3.9 points (as indicated by the
shaded cell under “Operationalization 1” in Fig. 2). That is,
when we calculate the average change in symptoms experi-
enced by individuals across the population—including those
who experienced no change and those who experienced a
9-point change—the result is 3.9 points. However, the dis-
parity between subgroups A and B increased (see bottom
rows of Fig. 2 that report values for “eligible population
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Fig.2 Results of prioritization strategies

after treatment”): the mean mental health scale score for sub-
group A changed from 11.4 to 3.1, whereas the mean mental
health scale score for subgroup B remained constant at 12.1.
Moreover, the mean symptom score for the most severe 5%
remained at 30.7.

Operationalization 2: Proportion that Experienced
aMcCID

Across all combinations of services tested, the maximum
proportion of the population to experience MCID was
obtained when the intervention contained enough treatment
services for each subgroup to bring effectiveness to 2.0
(the MCID). For subgroup A, this represented an invest-
ment in treatment services of $125,000 and for subgroup B,
$150,000 (see “Budget allocation” for “Operationalization
2” in Fig. 2). The remaining $725,000 were allocated to
reach services—$435,000 to reach all eligible children in
subgroup A and the remaining $290,000 to reach some of
the eligible children in subgroup B. This allocation meant
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that 67.6% of the overall population experienced a MCID
(100% in subgroup A and 42.7% in subgroup B). In the over-
all population, this allocation was also associated with an
improvement in mean mental health scale scores from 11.8
at baseline (as indicated in Fig. 1) to 10.5 (as indicated in the
“Population” column under “Operationalization 2” in Fig. 2)
and an average impact of 1.35 points for the eligible popula-
tion. Again, however, the disparity between subgroups and A
and B increased. Given preferential allocation to screening
services in subgroup A versus B, the difference in means for
the two subgroups increased with intervention from 0.7 to
1.8 (i.e., 11.3-9.4), approaching the MCID.

Operationalization 3: Functioning Among the Most
Severe 5%

Across all combinations of services tested, the maximum
functioning among the most severe 5% was obtained when
the intervention contained more services for subgroup B
than subgroup A (representing investments of $810,000
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versus $190,000, respectively). Resources were invested
into treatment and screening services evenly in both sub-
groups. In the overall population, implementation of this
successful intervention was associated with an improvement
in mean mental health scale scores from 11.8 to 9.9 and
an average impact of nearly 2.0 points (see “Operationali-
zation 3” in Fig. 2). Subgroup A did not experience much
change in mean symptoms; the mean score improved for
subgroup A from 11.4 to 11.1. Subgroup B, however, expe-
rienced more change, with a mean score that improved from
12.1 to 8.9. The mean symptom scores for the most severe
5% in subgroups A and B also improved—from 27.8 and
30.7, respectively, to 27.5. Thus, the pre-existing disparity
between subgroups A and B decreased—or, if quantified
in terms of a difference in mean symptoms, was eliminated
entirely (leaving subgroup B with better mean functioning
than subgroup A).

Discussion

Increasingly, implementation and intervention scientists are
recognizing the importance of equity when evaluating inter-
ventions at the population health level (Boyd et al., 2022;
Brownson et al., 2021; Shelton et al., 2020). Indeed, a rich
theoretical and empirical literature base has posited and doc-
umented the notion that health promotion efforts to “control
disease” in a population may actually create health dispari-
ties (Clouston & Link, 2021; Phelan & Link, 2005; Saldana-
Ruiz et al., 2013). This finding amplifies the importance of
carefully operationalizing intervention success with equity
in mind. In practice, intervention scientists have a variety of
operationalizations to choose from when they are designing
intervention trials. Eventually, when successful interven-
tions are implemented widely, the implications for equity
of choosing a primary outcome metric that operationalizes
success in a particular way may become clear in hindsight,
but it can be challenging to anticipate these in advance. The
use of computer simulation offers one way for intervention
scientists to try to anticipate these implications and weigh
possible tradeoffs among different types of health benefit,
including how much benefit, for whom, and with what effect
on the pre-existing health disparity.

In this study, we demonstrate a computer simulation of
the implementation of a multilevel, multicomponent mental
health intervention comprising some combination of treat-
ment services and screening services for each of two sub-
groups of children within the population of interest. Imple-
mentation influences a variety of outcome metrics, each of
which operationalizes a different definition of intervention
success. A precise composition of intervention components
is selected to maximize one of those metrics, but this can
create tradeoffs with other metrics. For example, selecting

intervention components that maximize overall population
impact can exacerbate disparities in care, whereas selecting
intervention components that markedly reduce health dispari-
ties may achieve lower values on metrics that reflect overall
population impact. Different outcome metrics suggest differ-
ent ways to determine which operationalization is most desir-
able (see Supplemental File). For example, Operationalization
1 maximizes population impact; if the intervention scientist
prioritizes population impact as an outcome metric, Opera-
tionalization 1 would be the best strategy. However, selecting
Operationalization 1 involves tradeoffs: although it maximizes
population impact, it does not result in as high a proportion of
the population achieving MCID as Operationalization 2 and it
does not result in functioning among the most severe 5% that
is as high as either Operationalization 2 or 3. In short, no one
operationalization is superior on all outcome metrics.

By simulating multiple combinations of treatment and
screening services, the patterns of health benefits across out-
come metrics can be compared. Simulating implementation
of an intervention offers one look into what the population-
level benefits might be if success for the intervention is
defined one way versus another. For this study, we selected
three primary outcome metrics that reflect three realistic
operationalizations of intervention success: two that were
defined in terms of the overall population mean mental
health symptoms and one that was defined in terms of the
“tail” for observed symptom severity. For each primary out-
come metric, the simulation identified the most successful
intervention, composed of some set of treatment and screen-
ing services for the two subgroups, and estimated various
population- and subgroup-level outcomes associated with
implementation at scale.

Our results demonstrate how the choice of how to define
intervention success—as operationalized by a particular
outcome metric—can result in tradeoffs in health bene-
fits. Notably, prioritizing population improvement overall
can—at least under some circumstances—increase health
disparities in access to services and health outcomes. Thus,
selecting an outcome metric that operationalizes a particu-
lar definition of intervention success without considering
downstream implications risks unintended consequences,
including exacerbating inequities. Economists and decision
scientists have long recognized that most choices involve
tradeoffs, for example, between concepts of efficiency and
equity in social policy (Liibbe, 2016; Tinghog, 2016). Our
use of simulation modeling to consider potential tradeoffs
between different types of population benefit (how much
benefit and for whom) may serve as a cautionary tale for
those planning a clinical trial. Readers who wish to try out
simulation scenarios using our heuristic tool are referred to
the Supplementary Files.

Investigators and other interested parties are likely to
have different opinions about which outcome metric, and
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therefore which combination of screening and intervention
services, best serves population health. Basic models of
decision-making suggest that such differences may derive
from (a) different beliefs and expectations about what out-
comes are likely to result from different choices and/or (b)
values and preferences about which outcomes are most
desirable (Hausman, 2011). Our computer simulation elimi-
nates the first source of difference by providing simulated
outcomes. However, differences in opinion among decision-
makers that result from differences in values and preferences
remain possible. Engaging a diverse array of professional
and community partners is widely recommended as nec-
essary to achieving health equity (Fleurence et al., 2013;
Matthews et al., 2021).

Limitations

Unlike computer simulations related to study design activities
(e.g., power analyses), the simulation described in this paper
aimed to facilitate discussions related to the design of trials
for multilevel, multicomponent interventions while attend-
ing to health equity and, consequently, has different set of
limitations. We simulated implementation of a hypothetical
intervention in a hypothetical population. While results dem-
onstrate the kinds of tradeoffs in outcomes that are possible,
results are not predictive of what will actually occur in a given
real-world situation. Moreover, we made a series of simpli-
fying assumptions to demonstrate the use of a simulation
model (See Supplemental File A). For example, we assumed
that services promoted either reach or effectiveness. In prac-
tice, services may increase both effectiveness and reach, as
when family navigation increases access to services, thereby
improving reach, but family navigators are also trained to
deliver problem-solving interventions, which improves effec-
tiveness (Feinberg et al., 2021). Intervention components are
likely to have complicated patterns of effectiveness and reach,
including variations across individuals and populations that
vary by race, ethnicity, culture, and history of marginalization.
We also assumed that there was minimal variability in out-
comes for different groups within our simulation, something
that does not reflect reality but does aid interpretability in the
use of the simulation as a simple heuristic.

We considered only three outcome metrics. In practice, a
range of other options are commonly reported in the field,
such as maximizing the proportion of patients who achieve
full symptom remission and relative improvement (which
addresses the possibility that the meaning of a 1-point
change may differ depending on baseline scores). The field
of welfare economics suggest a range of metrics that can
be used to measure inequality (Adler, 2022), and to con-
sider how best to aggregate values and preferences at the
group level (e.g., a research team; Sen, 2018), rather than
just at the individual level (e.g., of a single investigator). In

@ Springer

practice, investigators can consider a wide range of metrics
that operationalize those definitions.

Finally, while we note that model assumptions should ide-
ally reflect real-world conditions, even for a simple heuristic,
relevant data may be uncertain or unavailable—especially
with regard to reach and effectiveness in populations that
experience disparities in care. Best practice would include
sensitivity analyses—i.e., running a model many times under
different sets of assumptions to determine under what condi-
tions desired results obtain. Given sufficient evidence and
resources to run analyses, model assumptions should ideally
reflect real-world conditions—including realistic estimates
of variability in outcomes. However, the steps necessary to
achieve greater validity of a simulation model come with
their own costs, including investigator time and the increased
complexity of the resulting model.

Conclusion

Our simulation illustrates how a single primary outcome
(in this case, mental health symptoms) can be quantified
using different metrics, and how the choice of metric can
have implications for equity. We simulated three different
intervention combinations, each of which operationalized
a different definition of intervention success, and each of
which performed best on a single outcome metric—but less
well on others. As such, choice of outcome metric can have
implications for health equity. To the extent that different
outcome metrics favor different interventions, they influence
what is considered to be “evidence-based,” how resources
are allocated to different intervention components and to
different groups within the larger population, and how the
success of interventions is evaluated over time.

How best to resolve the tradeoffs that are identified in a
simulation like the one we present—that is, which values
should guide our decisions—is a much larger question. Inter-
disciplinary theory in ethics and social choice offer guid-
ance, but they point to no sure method to resolve these trade-
offs to everyone’s satisfaction. If the arc of history is truly to
bend toward justice (Dreyer et al., 2020), deeper engagement
with one another—both professional and community part-
ners alike—may offer the best path to prioritizing outcome
metrics for the interventions we design, test, implement, and
scale with the goal of improving population health.
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