
Task (alphabetical order) Model hBayesDM 
Fucntion

Delay Discounting
Constant-Sensitivity dd_cs
Exponential dd_exp
Hyperbolic dd_hyp

Iowa Gambling
Prospect Valence Learning-DecayRI igt_pvl_decay
Prospect Valence Learning-Delta igt_pvl_delta
Value-Plus-Perseverance igt_vpp

Orthogonalized Go/Nogo

RW+Noise gng_m1
RW+Noise+Go Bias gng_m2
RW+Noise+Go Bias+Pav. Bias gng_m3
RW(rew/pun)+Noise+Go Bias+Pav. 
Bias

gng_m4

Probabilistic Reversal Learning

Experience-Weighted Attraction prl_ewa

Fictitious Update prl_fictitious

Reward-Punishment prl_rp

Risk-Aversion

Prospect Theory (PT) ra_prospect

PT without loss aversion (LA) ra_noLA

PT without risk aversion (RA) ra_noRA

Two-Armed Bandit Rescorla-Wagner (delta) bandit2arm_delta

Ultimatum Game (UG)
(also for Norm-Training UG)

Ideal Bayesian Observer ug_bayes

Rescorla-Wagner (delta) ug_delta

Woo-Young Ahn1, Nathaniel Haines1, Lei Zhang2

1Department of Psychology, The Ohio State University 2Institute for Systems Neuroscience, University Medical Center Hamburg-Eppendorf, Hamburg, Germany

Q) How to compare competing models (in a 
fully Bayesian way)?

• First, fit all models in the same manner. Next, use the hBayesDM
command printFit, which conveniently summarizes Leave-One-
Out-Information-Criterion (LOOIC) and Widely Applicable
Information Criterion (WAIC) of all models.

àModel #4 is the best model (based on LOOIC/WAIC)

Q) How to do Bayesian group comparisons?
• First model each group’s data with the same model

• After model fitting is complete, evaluate the group difference (e.g., ‘pi’
parameter) by examining the posterior distribution of group mean
differences.
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• Hierarchical Bayesian Analysis (HBA) finds full posterior 
distributions of parameter values, as opposed to point estimates. 
à Provides rich information about the parameters of interest. 
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Revealing neuro-computational mechanisms of 
reinforcement learning and decision-making with the hBayesDM package 

Computational Psychiatry

Hierarchical Bayesian Modeling

Tasks & models implemented in hBayesDM
• Reinforcement learning and decision-making (RLDM) provide a

quantitative framework that allows researchers to specify
psychiatric conditions with basic dimensions of neurocognitive
functioning.

• Despite growing enthusiasm on RLDM and Computational
Psychiatry, many researchers often find the approach, especially
computational modeling, too technical and have difficulty adopting
it for their research.

• We introduce a user-friendly R package hBayesDM (hierarchical 
Bayesian modeling of Decision-Making tasks), which offers state-of-
the-art Hierarchical Bayesian Analysis (HBA) of various 
computational models on an array of popular decision-making 
tasks. Users can also extract trial-by-trial latent variables (e.g., 
action values) required for model-based fMRI/EEG. 

• Any researchers with minimal knowledge of programming can do
state-of-the-art computational modeling with a single line of
coding. Visit http://u.osu.edu/ccsl/codedeta/hbayesdm for its
tutorials.

How to use hBayesDM (2)

• Individual and group parameter 
estimates are estimated simultaneously 
in a mutually constraining fashion. HBA 
also makes it easy to do group 
comparisons in a Bayesian way.

Future Directions & Take-home message

386 Wiecki et al.

factors (i.e., conditions) in individual tasks that affect only 
one mental function, which can then be identified. For 
example, Collins and Frank (2012) were able to separately 
estimate the contributions of working memory and RL in a 
single task by testing multiple conditions that increased 
load on working memory alone. Because working mem-
ory contributions can contaminate the estimation of the RL 
component, this manipulation enabled a model to not 
only capture the WM component but also better estimate 
the RL component.

Level 2: Computational models

Computational models in cognitive neuroscience exist on 
various levels of abstraction that range from biophysical 
neuronal models to abstract psychological-process 

models. Although each of these is informative in its own 
regard in elucidating mental function and dysfunction, we 
focus here on psychological-process models. This class of 
model has the unique advantage of being simple enough 
so that it can be fit directly to behavior; that is, it is pre-
ferred, from a statistical analysis point of view, given the 
level of data collected. The fitted parameters often quan-
tify cognitive ability in terms of psychological-process 
variables rather than behavioral summary statistics. For 
example, in a simple detection task, one might consider 
the RT speed as a good measure of task performance. 
However, by adjusting the speed-accuracy trade-off, mean 
RT can easily be shortened just by increasing the false 
alarm rate. This obviously would not indicate an individ-
ual’s superior processing abilities. An SSM analysis, how-
ever, would be able to disentangle response caution (i.e., 

Table 1. Terminology

Term Definition

Psychological-process model A computational model that tries to parameterize the cognitive processes 
underlying behavior. This class of models is not primarily concerned with neural 
implementations of these processes. Often these models have a parsimonious 
parameterization that allows them to be fit to behavior.

Drift-diffusion model An evidence-accumulation model used in decision-making research.
Reinforcement learning Learning to adapt behavior to maximize rewards and minimize punishment.
Parameter estimation/fitting The process of finding parameters that best capture the behavior on a certain task.
Bayesian modeling A parameter-estimation method that allows for great flexibility in defining structure and 

prior information about a certain domain.
Comorbidity The co-occurrence of multiple disorders in one individual.
Heterogeneity The fact that there is systematic variation between subjects diagnosed with the same 

mental illness.
Task-impurity problem The fact that no single cognitive task measures just one construct but that task 

performance is a mixture of distinct cognitive processes.
Multidimensional profile A multidimensional descriptor of a subject’s cognitive abilities as measured by 

summary statistics (e.g., accuracy) of cognitive tasks spanning multiple cognitive 
domains.

Computational multidimensional profile A multidimensional profile that includes parameters estimated from a psychological-
process model that (a) more directly relates to cognitive ability and (b) deconstructs 
different cognitive processes that contribute to individual task performance (i.e., task-
impurity problem).

Clinical and 
Nonclinical Population

Level 1:
Cognitive-Task

Battery

Level 2:
Computational

Modeling

Level 4:
Classification and 

Clustering

Level 3:
Parameter
Estimation

Fig. 1. Illustration of the four levels of computational psychiatry. Clinical and nonclinical populations are tested on a battery of cognitive tasks. 
Computational models can relate raw task performance (e.g., response time and accuracy) to psychological and neurocognitive processes. These 
models can be estimated via various methods (depicted is a simplified graphic of the HDDM or hierarchical drift-diffusion model). Finally, on the 
basis of a resulting computational multidimensional profile, supervised and unsupervised learning algorithms can be trained to either predict dis-
ease state, uncover groups and subgroups in clinical and healthy populations, or relate model parameters to clinical symptom severity.
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Hierarchical Bayesian 
Maximum likelihood 

Actual values 

Simulation study 

• HBA outperforms conventional method (individual maximum
likelihood estimation) in capturing individual differences. For
Bayesian updating, we use the Stan software package (mc-stan.org),
which works well even for large and complex models.

Ahn et al (2011)

Q) How to fit 
hierarchical 
Bayesian models 
like this?

With hBayesDM, you can run
various models with a single
line of coding!

How to use hBayesDM (1)

Q) How can I install hBayesDM?

The hBayesDM package is available on CRAN. Open R and call:

Q) How to fit candidate models?

Q) How to plot group and individual 
parameters?

install.packages("hBayesDM”, dependencies=TRUE)

Model function

Use example data

5000 iterations

First 2000 not used

Run 3 chains

output=gng_m2(“example”, niter=5000, nwarmup=2000, nchain=3)

plot(output)

plot(output, type=“trace”, fontSize=15)
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plotInd(output, “b”)

printFit(output1, output2, output3, output4)

Model     LOOIC      WAIC

1 gng_m1  1589.470  1585.800
2 gng_m2  1570.582  1566.263
3 gng_m3  1574.640  1568.421
4 gng_m4  1544.680  1538.111

# Location of data files
data_group1 = “~/Project/gng_data_group1.txt”
data_group2 = “~/Project/gng_data_group2.txt”

# Model each group’s data
output_group1 = gng_m4(data_group1, nchain=3, ncore=3)
output_group2 = gng_m4(data_group2, nchain=3, ncore=3)

# Group mean difference
diff_dist = output_group1$parVals$mu_pi –

output_group2$parVals$mu_pi 

# Plot 95% Highest Density Interval (HDI)
plotHDI( diff_dist )
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• Add more tasks/models including drift diffusion models. Add moreLet us 
know if you would like to contribute!

• Allow users to extract model-based fMRI analysis for most tasks 
(currently only for the orthogonalized Go/Nogo task).

• The hBayesDM package will contribute to the dissemination of 
advanced modeling approaches and enable (clinical) researchers to easily 
perform computational psychiatric research within their clinical 
populations.
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output=gng_m2()Or just type:


