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ScienceDirect
Challenges and promises for translating computational
tools into clinical practice
Woo-Young Ahn1 and Jerome R Busemeyer2
Computational modeling and associated methods have greatly
advanced our understanding of cognition and neurobiology
underlying complex behaviors and psychiatric conditions. Yet,
no computational methods have been successfully translated
into clinical settings. This review discusses three major
methodological and practical challenges (A. precise
characterization of latent neurocognitive processes, B.
developing optimal assays, C. developing large-scale
longitudinal studies and generating predictions from multimodal data) and potential promises and tools that have been
developed in various fields including mathematical psychology,
computational neuroscience, computer science, and statistics.
We conclude by highlighting a strong need to communicate
and collaborate across multiple disciplines.

brain has multiple systems for decision-making [4,5]: the
Pavlovian system, which sets a strong prior on our actions
when we are faced with rewards or punishments and the
instrumental system, which is further divided into habitual (i.e., model-free; efficient but inflexible) and goaldirected (model-based; effortful but flexible) systems.
While the Pavlovian system has been traditionally
regarded as purely model-free, new ample evidence
suggests Pavlovian learning might also involve modelbased evaluation [6].
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phosphatidylinositol in the hippocampus and other heteromodal
cortical regions17. Furthermore, amyloid-B may directly disrupt
bilayer integrity by interacting with phospholipids18. ACs are known
to have a major role in central carbon and lipid metabolism occurring within the mitochondria11. They have also been associated with
regulation, production and maintenance of neurons through enhancement of nerve growth factor production11, which is a known potent
survival and trophic factor for brain cholinergic neurons, particularly
those consistently affected by AD within the basal forebrain19–21.
Decreasing plasma AC levels in the Converterpre participants in our
study may indirectly signal an impending dementia cascade that
features loss of these cholinergic neuronal populations. We posit
that this ten–phospholipid biomarker panel, consisting of PC and
AC species, reveals the breakdown of neural cell membranes in those
individuals destined to phenoconvert from cognitive intactness to
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What are the
challenges and promises?
Money & Time
Models of multiple decision-making systems
A. Precise characterization of latent neurocognitive processes

Advanced data analytical methods including
hierarchical Bayesian analysis
Integration of behavioral and neural data
Theory-driven approach

B. Optimal assays (i.e., paradigms) for assessing psychiatric conditions

Clinical insights w/ external validity
Adaptive design optimization (ADO)

C. Developing large-scale longitudinal studies &
generating predictions from multi-modal data

Collaborative consortia and workgroups
Machine learning

(A) Precise characterization
of latent neurocognitive
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How to study latent
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Is there a single framework for
understanding the mind?
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Representation
Set of feasible actions?
Internal states?
External states?

A framework for studying the
neurobiology of value-based
decision making
Antonio Rangel*, Colin Camerer* and P. Read Montague‡

Abstract | Neuroeconomics is the study of the neurobiological and computational basis of
value-based decision making. Its goal is to provide a biologically based account of human
behaviour that can be applied in both the natural and the social sciences. This Review
proposes a framework to investigate different aspects of the neurobiology of decision
making. The framework allows us to bring together recent findings in the field, highlight
some of the most important outstanding problems, define a common lexicon that bridges
the different disciplines that inform neuroeconomics, and point the way to future applications.

Rangel et al (2008) Nature Rev. Neuro
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(B) Optimal assays (tasks) for
assessing psychiatric conditions

Laboratory tasks

To mimic real-life decisions

Two different camps
1. Clinicians/psychologists
- Develop/adopt emotionally engaging tasks
- Mimic naturalistic risk-taking behaviors

2. Economists/neuroscientists
- Understanding specific constructs

both tasks, Decks A and B are disadvantageous (or bad) with regard to their long-term gain
(expected value of 10 trials = −$2.5), and Decks C and D are advantageous (or good) with
positive long-term gain (expected value of 10 trials = $2.5). The location of these four decks
are randomized for each participant, and decks are unlabeled when presented to participants.
Choosing the advantageous decks maximizes expected value.
From a statistical perspective, the IGT and the SGT are so-called four-armed bandit problems (Berry & Fristedt, 1985). Bandit problems are a special case of the more general reinforcement learning problems in which an agent has to learn an environment by choosing
actions and experiencing the consequences of those actions (e.g., Estes, 1950; Sutton &
Barto, 1998). Optimal performance on such problems depends on a delicate trade-off between

Clinicians/psychologists
Iowa Gambling Task
Bechara et al (1999) Cognition
Fig. 1. A sample display of the Iowa Gambling Task.
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they are gains or losses). The risk premium differences shown in
Fig. 4 could be due to either aversion to loss or to general aversion
to taking risk.
These explanations can be separated using two further analyses. The ﬁrst analysis exploited the fact that in our experimental
design the outcome variance (VAR) of each mixed gain–loss
gamble is orthogonal to the gamble’s EV (i.e., they are uncorrelated) (Fig. 5). This feature of the design allowed us to conﬁrm
that the lesion participants’ willingness to gamble is speciﬁc to
loss processing and not to a general reduction in risk sensitivity.
Critically, both lesion participants exhibited a marked dislike for
increasing outcome variance, given a constant level of expected
value. This was manifested in a reduction in gamble acceptance
rates as a function of increases in the gamble’s variance (Fig. 6).
Most importantly, their dislike for increased variance was no
different from that of the controls.
The second analysis uses a different series of risky gambles that
do not have any possible losses. Participants were asked to choose
between accepting a sure amount S or ﬂipping a coin for a “double
or nothing” outcome, in which outcomes 0 and 2S are equally
likely, for different values of S. In this task, there was no signiﬁcant
difference in the acceptance rate of each lesion participant and
that participant’s matched controls S.M. t(5) = 1.16, P > 0.1; A.P. t
(5) = 0.65, P > 0.1 [independent two-sample 2-tailed t tests (21)].
Both lesion participants thus showed a degree of risk aversion over
gains comparable to the risk aversion of their respective control
group (Fig. S1).

Orthogonal Go/Nogo Task
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an indifference point. To generate normal distributions of the two
control groups a similar bootstrap procedure was also performed by
randomly sampling with replacement the equivalent of an entire
participant’s choice set (i.e., 256 choices) from the pooled data of
the six control participants within a group (see Methods for details).
This procedure showed that each amygdala-lesioned participant
had a signiﬁcantly lower risk premium than her matched control
group, S.M. t(5) = 7.76 P < 0.001; A.P. t(5) = 13.57; P < 0.001
(independent two-sample 2-tailed t tests; Fig. 4).
To quantify loss aversion for each participant, we calculated the
uron
parameter λ such that gambles with adjusted expected utilities of
del-Based Influences on
Choices
the estimated
Striatum (from a logistic regression) to be
0.5G
+ 0.5λ and
× L are
chosen half the time. This parameter gives an indication of how
heavily participants appear to weight losses compared to gains,
inferred from the choices they made. This analysis yielded λ = 0.76
for S.M., and a mean λ for the S.M. control group of 1.52 (SEM =
Figure
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What are the
pros and cons?
• Can we disentangle underlying
processes?
• Emotionally engaging?
• Realistic for patient populations?
Both clinical expertise &
knowledge of neurobiology
Schonberg et al (2011) TiCS

Can we optimize
experimental design?

Fig. 1. Sample power (POW) and exponential (EXP) functions, generated from a narrow range of model parameters (see text). The time intervals between 1 and 5 s,
where the models are the most discriminable, are indicated by the round circles. In contrast, the elliptic circles indicate the time intervals (i.e., 15–20 s) that offer the least
discriminability.

22

Myung et al (2013) JMP
Myung & Pitt (2009) Psych Review

$100 now VS $200 in 1yr?

(a) Traditional experimentation.

Traditional experimentation

(b) Adaptive experimentation.

ADO

Fig. 2. Schematic illustration of the traditional experimentation versus adaptive experimentation paradigm. (a) The vertical arrow on the left represents optimization of
the values of design variables before data collection. The vertical arrow on the right represents the analysis and modeling of the data collected, using model selection or
parameter estimation methods, for example. (b) In the adaptive experimentation paradigm, the three parts of experimentation (design optimization, experiment, and data
modeling) are closely integrated to form a cycle of inference steps in which the output from one part is fed as an input to the next part.

2.2. Optimal design

ADO in action

In psychological inquiry, the goal of the researcher is often to
distinguish between competing explanations of data (i.e., theory
testing) or to estimate characteristics of the population along certain psychological dimensions, such as the prevalence and severity of depression. In cognitive modeling, these goals become ones
of model discrimination and parameter estimation, respectively. In
both endeavors, the aim is to make the strongest inference possible
given the data in hand. The scientific process is depicted inside in
the rectangle in Fig. 2a: first, the values of design variables are cho1 is carried out and data
sen in an experiment, then the experiment
are collected, and finally, data modeling methods (e.g., maximum

Cavagnaro et al (2012) Management Sci
Cavagnaro et al (in press)

to choose (Pitt, Myung, & Zhang, 2002). As depicted in Fig. 2a, data
modeling is applied to the back end of the experiment after data
collection is completed. Consequently, the methods themselves are
limited by the quality of the empirical data collected. Inconclusive
data will always be inconclusive, making the task of model selection difficult no matter what data modeling method is used. A similar problem presents itself in estimating model parameters from
observed data, regardless of whether maximum likelihood estimation or Bayesian estimation is used.
Because data modeling methods are not foolproof, attention
has begun to focus on the front end of the data collection
enterprise, before an experiment is conducted, developing meth-

Test-retest reliability
Over 0.9 after 15 trials.
Hou et al (2016)

(C) Predictions using multimodal & multi-dimensional data
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Wager (2015)
Woo & Wager (2015) Pain
Wager & Woo (2015) Science Trans Med

Ahn et al (2014) Curr Biol
Finn et al (2015) Nature Neuro
Gabrieli et al (2015) Neuron
Norman et al (2006) TiCS
Pereira et al (2009) Neuroimage
Poldrack (2008) Curr Opin Neurobiol
Wager et al (2013) NEJM
Whelan et al (2014) Nature

LETTER

Example
Classification

Neuropsychosocial profiles aof current and future
adolescent alcohol misusers
History

Smoking
Romantic events
1,2
3
4
5,6 history
Deviance
Robert Whelan , Richard Watts , Catherine A. Orr , Robert R. Althoff
, Eric Artiges7,8, Tobias Banaschewski9,
Deviance valence 10
10
11
12,13
, Fabiana
M.history
Carvalho , Patricia J. Conrod10,14, Herta Flor9,
Gareth J. Barker , Arun L. W. Bokde , Christian Büchel
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hol misuse that incorporate brain structure and function, individual about
1% of
variance) in a large sample of adolescents17. Until now, there
Emotional
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Successful
inhibition
personality and cognitive differences, environmental factors (includ- have
been no
large-sample prospective studies examining the neural
Reward outcome
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ing gestational cigarette and alcohol exposure), life experiences, and
of alcohol misuse, but there is some evidence of a reduction
0.50
Failed inhibition
candidate genes. These models were accurate and generalized to novel inReward
brain anticipation
activity during tests of inhibitory control for adolescents who
data, and point to life experiences, neurobiological differences and subsequently engaged in heavy alcohol use18.
personality as important antecedents of binge drinking. By identiHere, we construct models of current and future adolescent binge
0.25 Cognitive
0.25
fying the vulnerability factors underlying individual differences in drinking
by combining a wide range of data (Extended Data Table 1)
Delay discounting
alcohol misuse, these models shed light on the aetiology of alcohol from
SWMthe
errors
IMAGEN project19,20, a multi-dimensional longitudinal study
negative development,
targets RT
misuse and suggest targets for prevention.
ofAGN
adolescent
using regularized logistic regression21 (ExAlcohol misuse is common among adolescents5: slightly over 40%0.00
of tended Data Fig. 1). First (Analysis 1), we identified the characteristics
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all 13–14-year-old adolescents in the USA report alcohol use and 10% discriminating 115 14-year-old binge drinkers (a minimum of three
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of this
age group
exhibit regular
use. 0.75
These figures
rise to almost 65% lifetime binge drinking episodes leading to drunkenness by age 14) from
1 controls
- Specificity
- 27%
Specificity
for any alcohol use1
and
who report regular use by age 16 years. This 150 14-year-old
(non-binge drinkers, a maximum of two lifeis of concern as murine models demonstrate that adolescents are more time
uses of alcohol until at least the age of 16; see Extended Data Table 2
Demographics
Pubertal
development
vulnerable to alcohol-induced neurotoxicity than adults1. Early alcohol for
participant
details)status
returning an area-under-the-curve (AUC) receiver6
use is a strong risk factor for adult alcohol dependence and therefore operator characteristic (ROC) value of 0.96 (95% CI 5 0.93–0.98; see
identifying inter-individual vulnerabilities and predictors of alcohol use Extended Data
3a for all–0.50
beta weights).
optimum
–1.00 Table
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0.25point in
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in human adolescents is of importance. Generating such predictors, how- the ROC curve, 91% of binge drinkers
and 91% of non-binge drinkers
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ever, is challenging, not least because large sample sizes are needed to were correctly classified, significantly better than chance (P 5 8.03 10 ).
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that was present in at least 9 folds of the final model. Position on the

6

each domain from the full model (re-calculating the optimum elast
net parameters), and observed the relative reduction in classificatio
accuracy (Extended Data Fig. 4b, c). The History domain contribute
the greatest unique variance to the model (significant correlations amon
features are displayed in Extended Data Fig. 5). The results of extern
generalizations of the current binge drinking models with and withou
nicotine (Analyses 6 and 7, respectively) are displayed in Extended Dat
Fig. 2c, d, g, h.
We have described the profile of current alcohol misusers while als
demonstrating the efficacy of our modelling approach. However, t

At the maximum F-score value the precision rate was 87% and the recall rate was 89% (Extended Data Fig. 2e, f). The features included in
this model, and their strength of association with group membership,
are displayed in Fig. 1a.
Figure 2a displays the brain regions that most consistently discriminated current binge drinkers from non-binge-drinkers (see Extended
Data Fig. 3 for the contributions of each brain feature). The most robust
brain classifiers were in ventromedial prefrontal cortex (vmPFC) and
the left inferior frontal gyrus (IFG). The vmPFC grey matter volume
doi:10.1038/nature13402
was smaller in the current binge drinkers and
this group, compared to
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a, Analyses 1 and 2, the classification of binge drinking at age 14 years
(n 5 265). b, Analysis 8 predicting binge drinking at age 16 years (n 5 271).
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• 10,000 adolescents over 10 years
• Data sharing

Conclusions
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• A long way to go…
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