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ABSTRACT
A key challenge in understanding mental (dys)functions is their etiological and functional heterogeneity, and several
multidimensional assessments have been proposed for their comprehensive characterization. However, such as-
sessments require lengthy testing, which may hinder reliable and efficient characterization of individual differences
due to increased fatigue and distraction, especially in clinical populations. Computational modeling may address this
challenge as it often provides more reliable measures of latent neurocognitive processes underlying observed be-
haviors and captures individual differences better than traditional assessments. However, even with a state-of-the-art
hierarchical modeling approach, reliable estimation of model parameters still requires a large number of trials. Recent
work suggests that Bayesian adaptive design optimization (ADO) is a promising way to address these challenges.
With ADO, experimental design is optimized adaptively from trial to trial to extract the maximum amount of infor-
mation about an individual’s characteristics. In this review, we first describe the ADO methodology and then sum-
marize recent work demonstrating that ADO increases the reliability and efficiency of latent neurocognitive measures.
We conclude by discussing the challenges and future directions of ADO and proposing development of ADO-based
computational fingerprints to reliably and efficiently characterize the heterogeneous profiles of psychiatric disorders.

https://doi.org/10.1016/j.bpsc.2022.12.003
Etiological and functional heterogeneity is a key problem in
classifying and understanding mental dysfunctions. Research
suggests that multidimensional, multilevel, and multidomain
assessments are needed to capture the heterogeneous char-
acteristics of a specific mental disorder or dysfunction (1–3).
To foster such new approaches, the Research Domain Criteria
framework was proposed, which aims to characterize various
multilevel measures in the major domains of human neuro-
cognitive functions (1). Related projects include the Addictions
Neuroclinical Assessment for substance use disorders (SUDs)
(4) and the Measurement and Treatment Research to Improve
Cognition in Schizophrenia (5) and the Cognitive Neuroscience
Treatment Research to Improve Cognition in Schizophrenia
initiatives for schizophrenia (6). A major challenge in the
implementation of multidimensional assessments is that they
involve lengthy assessment batteries, which may require up to
10 hours of administration [e.g., (4)]. Such lengthy assess-
ments are unsuitable for clinical practice because participants
can easily become fatigued and distracted, which may lead to
increased measurement error and hinder reliable character-
ization of individual differences.

An important statistical issue for reliably capturing individual
differences is the “reliability paradox,” which refers to when
certain effects are consistently and robustly replicated at the
group level, but individual-level measures show poor test-
retest reliability (7,8). While the low replicability of many
behavioral and neuroimaging findings (9–11) is well-known and
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has raised public awareness in related fields, until recently,
researchers have not commonly assessed the test-retest reli-
ability of laboratory tasks, and its importance has been
underestimated. Hedge et al. (8) reported that even the most
well-established measures from neurocognitive tasks, such as
the Stroop, Eriksen Flanker, Stop-Signal, and Go/NoGo tasks
have low test-retest reliability. Additionally, recent large-scale
studies have shown that behavioral tasks have much lower
test-retest reliability than self-report surveys for measuring
self-regulation (12,13). These inconsistent findings have
prompted researchers to question the existence of key psy-
chological constructs central to psychiatric conditions, such as
impulsivity in SUDs (14). Critically, this reliability paradox
suggests that many behavioral and functional magnetic reso-
nance imaging (fMRI)–based biomarkers that use such
behavioral tasks may also be unreliable (15,16). The lack of
reliable and efficient neurobehavioral measures is therefore
one of the most formidable challenges in characterizing indi-
vidual differences and translating research findings into clinical
practice.

Recent studies suggest that computational modeling pro-
vides more reliable measures of cognitive functions and
characterizes individual differences better than traditionally
used summary statistics (e.g., mean response time) (7,17).
Computational models use mathematical equations and pa-
rameters that reflect the cognitive properties of interest to
describe the latent neurocognitive processes that underlie
iological Psychiatry. Published by Elsevier Inc. All rights reserved. 1
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observed behaviors. Furthermore, computational modeling
can be combined with neuroimaging studies to identify the
brain regions responsible for the cognitive processes [e.g.,
model-based fMRI (18) or model-based electroencephalog-
raphy (19)]. This approach is also useful for computational
psychiatry because it provides computational explanations of
complex psychiatric conditions; the model parameters and
latent variables delineate the aberrant neurocognitive pro-
cesses in patients with psychiatric disorders (20–32). For
example, a growing number of clinical studies have used
computational models, such as reinforcement learning models
(18,33) or models of decision making (34–36), and suggest that
computational modeling provides novel computational
markers that can characterize various psychiatric disorders
including SUDs (21,37–39), schizophrenia (40–42), mood dis-
orders (43–46), attention-deficit/hyperactivity disorder (47), and
obsessive-compulsive disorder (OCD) (48). Recent studies
further suggest that such computational markers may predict
real-world clinical outcomes [e.g., (38)].

Although computational modeling improves the reliability of
neurocognitive measures, model parameter estimates may be
still unreliable because of large trial-by-trial variation (i.e.,
random noise) or insufficient data within individuals. Recent
studies have shown that hierarchical modeling, whether
Bayesian (49,50) or non-Bayesian (51,52), can improve the
test-retest reliability of model parameter estimates (17,53,54).
In the hierarchical modeling framework, group-level informa-
tion (e.g., information related to all participants in an experi-
ment) associated with the parameter values provides prior
beliefs (e.g., prior distributions in Bayesian modeling) that
constrain parameter estimation at an individual level. There-
fore, hierarchical estimation regularizes individual parameter
estimates that deviate from the group-level distribution. This
regularization (or shrinkage) (55) of estimates often improves
the accuracy of parameter estimation (56,57). Rouder and Haaf
(17) suggested that hierarchical models improve test-retest
reliability by reducing within-individual variability in parameter
estimates (i.e., regularization), with the model-based estimates
accurately reflecting across-individual variation alone.

Even with hierarchical modeling, most behavioral tasks
require too many trials for reliable estimation of their model
parameters. When the number of trials is insufficient, model
parameters are overfitted or not well estimated (58,59). The
number of trials needed for reliable parameter estimation de-
pends on the model complexity or the number of parameters of
the model for a behavioral task. Rouder et al. (60) showed that
hierarchical modeling may not be sufficient to reveal individual
differences and recover latent correlations among tasks
measuring a similar psychological construct, especially when
there are insufficient numbers of trials per person. Although
commonly used approaches include an increased number of
trials and thorough sampling of the experimental stimuli from
all possible design spaces, prolonged experiments can induce
fatigue and boredom in participants, thereby leading to care-
less responses (59). To reduce task duration without
compromising estimation precision, we should selectively use
the trials that are the most informative of parameter values, as
some trials might be too easy or obvious and provide little
information for parameter estimation. This problem should be
carefully considered when designing an experiment; however,
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many studies are designed on the basis of a prior study or are
designed using heuristic rules of experimental design (e.g.,
number of trials, reward/punishment magnitudes, and fre-
quency on a gambling task). Moreover, an optimal experi-
mental design presumably varies among individuals because
of individual differences (61). Therefore, ideally, we need to
capitalize on individual differences observed in an experiment
on the fly to present customized designs for each participant
(62). Several adjustment procedures [e.g., staircase method
(36)] are widely used for this purpose; however, such proced-
ures or rules often lack theoretical justification.

ADAPTIVE DESIGN OPTIMIZATION

Adaptive design optimization (ADO), which originates from
optimal experimental design (63,64), is a promising way to
address the aforementioned issues (59,60,65). Optimal
experimemntal design in statistics offers useful tools for
identifying the experimental designs that are likely to provide
the most informative data. Concretely, an adaptive experiment
in an optimal experimental design framework selects a design
(i.e., numerical values of design variables) that is optimal in an
information-theoretic sense (i.e., maximally informative) by
analyzing observations from preceding trials in real time. The
selected optimal design is then used to make a new obser-
vation, which in turn is used to identify the optimal design for
the next trial. This adaptive process of design optimization
repeats trial after trial to make the data most informative within
the smallest number of trials.

ADO is a model-based method as it uses a parametric
model that predicts task performance to select optimal de-
signs in an adaptive manner. To explain how ADO works
mathematically, a model is defined by its likelihood function,
pðyjq; dÞ, which represents the likelihood (i.e., probability) of
observing an experimental outcome (y) given certain model
parameter values (q) and experimental design (d). Based on the
model, ADO selects the optimal design d� that maximizes the
global utility function UðdÞ (66), which quantifies the usefulness
of design d. This function is defined as:

UðdÞ¼
ZZ

uðd; q; yÞpðyjq;dÞ pðqÞ dy dq (1)

where pðqÞ is the Bayesian prior distribution of parameters, and
uðd; q; yÞ is the local utility function that measures the utility of a
hypothetical experimental trial with design d when the model
outputs y given the parameter values q. Equation 1 indicates
that the global utility is the mean of the local utility across all
possible values of y and q, weighted by the likelihood pðyjq;dÞ
and the prior distribution pðqÞ.

The local utility function is defined as uðd; q; yÞ ¼ log pðqjy;dÞ
pðqÞ

to favor the design that reduces the uncertainty about the
parameter values to the greatest extent. With this form of utility
function, equation 1 reduces to the mutual information (in in-
formation theory) (67) between the parameter random variable
Q and the outcome random variable YðdÞ as follows:

UðdÞ¼HðQÞ2HðQ jYðdÞÞ (2)

where the marginal entropy HðQÞ represents overall uncer-
tainty about the parameter values, and the conditional entropy
023; -:-–- www.sobp.org/BPCNNI
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HðQ jYðdÞÞ represents reduced uncertainty about the param-
eter values given the outcome YðdÞ.

ADO identifies the optimal design d� on each trial and then
observes the outcome yobs using the optimal design. The new
observation is used to update the prior distribution pðqÞ via
Bayes’ rule. The updated posterior distribution pðqjyobsÞ be-
comes the new prior distribution for the design selection in the
next trial. Figure 1 illustrates these 3 steps of ADO: design
optimization, experiment, and Bayesian updating. By iterating
this procedure throughout the course of an experiment, ADO
estimates the model parameters as quickly and precisely as
possible. This procedure is highly sensitive to individual dif-
ferences because stimulus selection is fine-tuned based on
each participant’s prior responses and up-to-date model
parameters.

There is strong evidence that ADO improves task efficiency
and the reliability of model parameter estimates (65). This is
because ADO searches for the most informative experimental
design with respect to a specific objective such as parameter
estimation or model comparison. Additionally, ADO reduces
the influence of random variation within individuals (i.e.,
random noise) by minimizing inconsistent or careless re-
sponses. For example, if a participant produces two extremely
different responses to a certain stimulus, ADO is likely to select
the stimulus again because it is likely to maximally reduce the
uncertainty about the participant’s model parameters.
Increased task efficiency with ADO is particularly useful for
testing clinical populations and children who may find a stan-
dard laboratory task very demanding or lengthy. Therefore,
ADO is a promising tool for providing reliable and efficient
computational markers of various psychiatric dysfunctions.
ADO APPLICATION

Recent studies have empirically demonstrated that ADO en-
hances the reliability and accuracy of parameter estimates in
healthy individuals. For example, Hou et al. (68) applied ADO to
a letter identification task in which participants viewed letter
Figure 1. Schematic illustration of adaptive design optimization.
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stimuli and reported the identities of the letters. In each trial,
ADO selected the contrast (e.g., intensity of stimuli) and size
(e.g., spatial frequency) of the letter stimuli to optimally esti-
mate the model parameters of the contrast sensitivity function.
With the use of ADO, the task length was substantially reduced
from 500 to 1000 trials to 50 trials without compromising the
test-retest reliability (i.e., 0.974). Several other studies have
also demonstrated the utility of ADO for optimizing cognitive
tasks including delay discounting (69), memory retention (70),
recognition memory (71), risk attitude (70), associative learning
(72), and vision (73–75) tasks. These results provide further
evidence that ADO improves the precision of parameter esti-
mates, as well as task efficiency.

Improving task efficiency using ADO is particularly beneficial
for neuroimaging studies because ADO may substantially
reduce scan time and cost (76–78). Recent studies have further
advanced ADO by incorporating neural and behavioral data for
design optimization during neuroimaging experiments (79–81).
In a proof-of-concept study, Bahg et al. (81) proposed an fMRI-
based ADO wherein they used behavioral and fMRI data jointly
to optimize the experimental design of a contrast discrimina-
tion task. When tested in simulated and real experiments, the
precision of parameter estimates was better with the fMRI-
based ADO than without it. These results suggest that ADO
can incorporate both neural and behavioral data to further
improve design optimization and enhance data quality.

Thus far, only a handful of studies have utilized ADO in
clinical research despite its potential and promises in the field.
Ahn et al. (82) showed that an ADO-based delay discounting
task (83) provided highly reliable estimates of the delay dis-
counting rate, which is a strong candidate endophenotype for
addictive disorders and related conditions. The results showed
that ADO led to 0.95 or higher test-retest reliability of the delay
discounting rate within 10 to 20 trials, whereas a non-ADO
(staircase) method (36) resulted in lower reliability even with a
greater number of trials (Figure 2). Notably, ADO showed
excellent reliability not just in healthy populations, but also in
patients with SUDs and Amazon MTurk workers. Compared with
the staircase method, ADO was 3 to 5 times more precise, 3 to 8
times more efficient, and captured 10% more variance in test-
retest reliability [please see (82) for definitions of precision and
efficiency]. Note that ADO and non-ADO led to similar delay
discounting rates, with correlations ranging from 0.733 to 0.903.
When ADO and non-ADO approaches provide slightly different
parameter estimates, we prefer the estimates from ADO because
of their higher consistency within and across multiple experi-
mental conditions, which is supported by theoretically motivated
estimation principles [see (82) for more details].

Another study used ADO to investigate risk aversion in
patients with OCD and hoarding disorder (HD) (84). In a novel
decision-making task, participants indicated a preference be-
tween 2 gamble options, and ADO optimized the probabilities
of the gambles in each trial. The results suggest that in-
dividuals with OCD and HD exhibit lower-risk aversion than
healthy control participants. The quantified risk attitude also
showed significant correlations with several clinical indices,
including measures of OCD and HD symptoms. Taken
together, these findings suggest that risk aversion assessed by
ADO might be related to OCD and HD symptoms. However, a
non-ADO version was not tested in this study; thus, it is
ce and Neuroimaging - 2023; -:-–- www.sobp.org/BPCNNI 3
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Figure 2. (A) Test-retest reliability of adaptive design optimization (ADO)–based discounting rates with college students, patients with substance use
disorders (SUDs), and online Amazon MTurk workers when assessed cumulatively in every trial. (B) Comparison of ADO and staircase (SC) test-retest re-
liabilities of temporal discounting rates with college students [Adapted from Ahn et al. (82)].
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unclear whether ADO would provide more disorder-sensitive
measures than a standard procedure.
CHALLENGES AND FUTURE DIRECTIONS FOR ADO

While ADO is a promising approach for reliable and efficient
evaluation of psychiatric conditions, there are remaining chal-
lenges and shortcomings of ADO. A fundamental limitation is
that ADO may not be robust to model misspecification (62,85).
As mentioned earlier, ADO is a model-based approach built
upon the assumption that observed behaviors are generated
from a particular model under consideration. If the model fails
to adequately describe the behaviors, experimental designs
that have been fine-tuned based on the inadequate model are
likely to provide misleading parameter estimates. Model mis-
specification is a well-acknowledged common problem in
practice, given that no single model can account for all
possible variations of behaviors within and across individuals.
This is a critical challenge, especially when we use a highly
complex computational model. For example, models that ac-
count for multimodal data (e.g., choice, response time, and
neurophysiological measures) sometimes have complex
structures to explain specific associations between different
measures, which might not generalize across participants.
Even when an ADO-based task works well for most partici-
pants, behaviors of some participants might considerably
deviate from what the model predicts. This problem may get
even worse when testing clinical populations because patients
with psychiatric conditions are well-known to be heteroge-
neous, and their behaviors might not be adequately explained
by models developed based on data from healthy individuals.

In addressing the model misspecification problem when using
ADO, a model-free design optimization algorithm called
Gaussian process with active learning (GPAL) (86) has recently
been developed. While the design optimization procedure of
GPAL is very similar to ADO, a crucial difference between the
two is that GPAL does not make a priori assumptions about the
functional form of the model underlying behaviors. Instead,
GPAL learns the function using a nonparametric modeling tool
known as Gaussian processes, while at the same time opti-
mizing the design to facilitate model inference. More specifically,
GPAL selects a design on each trial to reduce the uncertainty
about the unknown model function in the fewest possible
4 Biological Psychiatry: Cognitive Neuroscience and Neuroimaging - 2
number of trials. This data-driven method can make model
development in a large design space feasible, even for partici-
pants with a short attention span (e.g., children), by minimizing
the number of trials required for model inference (87).

It is worth mentioning that even with a correctly specified
model, ADO can compromise the reliability of parameter esti-
mates on some occasions. Because by construct ADO is
sensitive to each and every response, a careless response or a
simple mistake, especially in the early stage of an experiment,
can bias the design selection and thus the parameter estima-
tion. Another limiting factor of ADO is that the algorithm tends
to repeatedly select the most informative stimuli; these are
often difficult options that can cause fatigue or negative feel-
ings that influence task performance (e.g., increased random
responses) (88). To address this concern, we can either insert
easy filler trials at certain times or stop data collection when
certain criteria have been met (e.g., ADO constantly presents
the same stimulus). Relatedly, we developed and tested an
algorithm that penalizes selection of recently chosen stimuli
and found that the approach led to performance similar to that
seen when using a conventional ADO approach.

Besides the methodological challenges, another challenge is
limited accessibility to ADO methodology due to requirements of
technical expertise in Bayesian statistics, computational
modeling, and programming skills. To address this issue, Yang
et al. (89) developed an open-source Python package called
ADOpy, which provides a researcher-friendly toolbox for ADO.
This package enables researchers to readily run already imple-
mented ADO-based tasks and models with some minor modi-
fications or to develop their own tasks and models.

It is imperative to develop reliable and easy-to-use
computational assays for clinical populations. Relatedly, re-
searchers have proposed that we develop a “computational
fingerprint” to identify heterogeneous profiles of psychiatric
disorders (90,91). Such a computational fingerprint provides a
holistic profile of each individual’s decision-making process by
combining multidimensional model parameters. We believe
that a battery of ADO-based assays would be highly beneficial
for the development of such multidimensional clinical markers
because applying ADO will substantially reduce the time
needed for neurocognitive task administration without
compromising reliability and precision of parameter estimates.
Furthermore, we could facilitate dissemination of such a
023; -:-–- www.sobp.org/BPCNNI
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Figure 3. Future directions for an adaptive design
optimization (ADO)–based battery and its imple-
mentation in web-based platforms and mobile apps
for its dissemination. SUDs, substance use
disorders.
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battery by combining it with web-based platforms and digital
technology (e.g., mobile apps), which will greatly enhance the
accessibility of computational assays.

Practically, it is quite challenging to develop and validate an
ADO-based battery and web/mobile platforms (Figure 3). First,
we need to carefully select multiple laboratory tasks suitable
for inclusion in the ADO battery. The selection should be 1)
informed by relevant theories (92), 2) based on relevant criteria
such as a valid measure of Research Domain Criteria or other
relevant domains, 3) widely used in psychiatric research and
prioritized by the research community or the National Institutes
of Health, and 4) amenable to ADO (i.e., tasks with adequate
computational models). When the tasks are selected, the reli-
ability of the ADO-based tasks should be compared with the
standard (non-ADO) versions of the tasks in neurotypical
controls and in participants with psychiatric conditions [e.g.,
(82)]. It is also necessary to assess the predictive utility (i.e.,
validity) of the newly developed ADO tasks for a psychiatric
disorder compared with non-ADO tasks. Finally, it would be
highly beneficial for its dissemination if we develop web-based
testing platforms and mobile apps. For example, we developed
an app called Cocomo (available for iOS and Android) with
ADO-based tasks and used it for predicting future cigarette
use during and after a smoking cessation program in South
Korea. Because of the substantially reduced number of trials
required for ADO-based tasks, we found that many partici-
pants completed the ADO-based tasks daily on a mobile app,
which would be much more challenging with a standard testing
platform.
CONCLUSION

In conclusion, ADO is a promising approach that could provide
reliable and efficient computational tools for assessing various
psychiatric conditions. ADO optimizes and fine-tunes the
experimental design for each individual using a Bayesian
learning algorithm to maximize information gain on each trial.
Heterogeneity of psychiatric disorders and lengthy testing
required for multidomain assessment have been critical bar-
riers in computational psychiatry. An ADO-based battery and
mobile technology may lead to reliable and efficient compu-
tational fingerprinting, while aiding in the development of
Biological Psychiatry: Cognitive Neuroscien
individualized prevention and treatment of psychiatric
conditions.
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