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INTroducTIoN

A primary goal of psychiatry is to understand the neural bases and 
mechanisms underlying mental disorders. Mechanistic understand-
ing is integral to the development of new diagnostic and therapeu-
tic approaches. A great challenge faced by the field of psychiatry is 
bridging the vast explanatory gaps across levels of analysis: from 
neurons, to circuits, to complex human behavior. At present, there 
is a lack of unifying understanding across this computational hierar-
chy for any psychiatric symptom. This profoundly limits the field’s 
capacity to develop novel and rationally guided therapies that are 
grounded in well-established neural mechanisms.

It is no longer controversial to conceptualize severe mental illness 
as brain-based disease. The explosion of research in neuroscience has 
established that the brain is essentially a massively complex, nonlin-
ear computational device that governs expression of an organism’s 

behavior. This perspective is also captured by the ongoing paradigm 
shift within the field of psychiatry, from categorical, behavioral psy-
chiatric diagnoses toward understanding of dimensional disruptions 
in complex behaviors that map onto well-defined neural substrates. 
This perspective is not intended to argue for a reductionistic model of 
complex mental illness. Critically, this view does not posit that psy-
chiatric disorders cannot emerge as a result of external causal factors 
or perturbations (e.g., long-term stress or extreme trauma) that affect 
the brain. Nevertheless, such perturbations ultimately impact a set of 
neural processes and computations that govern a behavioral response 
(e.g., fear expression). Put simply, there is an organ that psychiatrists 
are attempting to treat—namely the CNS.

Given the complexity of the brain and the vast number of possible 
disruptions, across distinct levels of analysis, the field of psychia-
try should attempt to harness all available tools to mechanistically 
understand abnormal behavior, regardless of whether the upstream 
cause lies in genes or external stressors. One promising way to link 
these levels is to combine empirical findings from clinical neurosci-
ence with approaches from computational and theoretical neurosci-
ence, in an emerging field often called “Computational Psychiatry.” 
The key logic here is to use mathematical principles and formalism to 
generate consistent, rigorous, and testable hypotheses that can lead to 
better understanding of mechanism across levels of analyses.

In that sense, computational psychiatry offers the opportunity to 
interface with experimental and treatment studies at the level of neu-
rons, neural systems, and ultimately abnormal behavior (Fig. 1.29–1). 
Put differently, disrupted mechanisms that contribute to a particular 
psychiatric disease can occur at the level of neurons and synapses, 
whereas psychiatric symptoms express at the level of behavior, which 
involves large-scale brain networks. Linking these disparate levels 
is vital for gaining mechanistic insight into mental illness, and for 
rational development of pharmacological treatments, which act at the 
synaptic level. The primary objective of computational psychiatry 
is to help bridge this existing gap and to mathematically formalize 
computations across noted levels of analysis.

To date, mathematical models of neural systems have contributed 
greatly to our understanding of how neural dynamics and behavior 
arise from underlying mechanisms. Building on this mechanistic 
understanding, disruptions in the underlying elements of the model 
can then be linked to neural and behavioral dysfunction. In particular, 
researchers can evaluate which models or model parameters better 
describe empirical findings in a disease state compared to controls. 
By examining these disruptions within the models, we can describe 
key differences in underlying processes in a mathematically pre-
cise way. This approach can also test hypotheses about lower-level 
phenomena (e.g., specific synaptic disruptions) with experimentally 
accessible noninvasive measures at higher levels in humans (e.g., 
fMRI or psychophysical behavior).

Indeed, in the past several decades the field of psychiatry has 
profited tremendously from the ongoing development of noninvasive 
neuroimaging technology, more sophisticated human cognitive neuro-
science, as well as advances in basic neuroscience. The combination 
of these approaches has directly impacted the broad evidence base in 
psychiatry, providing support for neural alterations across psychiatric 
conditions. Such evidence for neural alterations in psychiatric disease 
has emerged from a wide range of experimental modalities. Analysis 
of postmortem brain tissue reveals differences in neuronal and synap-
tic structure across psychiatric disorders. Genetic analyses implicate 
specific neuronal and synaptic alterations. Neurochemical alterations 
can be assessed in vivo using noninvasive methods such as PET and 
MRS. The spatiotemporal properties of brain activity during various 
tasks and at rest can be measured with noninvasive neuroimaging such 
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428 Chapter 1. Neural Sciences

as fMRI, EEG, and magnetoencephalography (MEG). Neuroimaging 
can also reveal structural differences in gray-matter distribution and 
long-range white-matter pathways. As noted, these neural measure-
ments are complemented by rapid and parallel advances in cogni-
tive neuroscience that allow us to quantitatively characterize, at the 
behavioral level, cognitive, affective, and perceptual impairments in 
patients.

Despite this explosive technological and experimental progress, 
the field of psychiatry has yet to produce systematic and mecha-
nistic disease models that are amenable to rational development of 
therapies. As noted, to achieve such a multilevel understanding of 
psychiatric diseases, the field of psychiatry must ultimately link 
these levels of analysis: from synapses, to cells, to neural circuits, 
to large-scale systems, and to behavioral disturbances. The emerg-
ing field of computational psychiatry is in a unique position to 
help provide the theoretical foundation needed to close these gaps. 
Computational psychiatry benefits from the diverse range of com-
plementary modeling approaches within the broader field of com-
putational neuroscience. Different types of models are best suited 
to address different questions and different types of experimental 
data. In that sense, the level of computational modeling is matched 
to the appropriate levels of experimental inquiry, enabling the inter-
play between experiment and theory. Multilevel understanding of 
complex abnormalities in behavior (i.e., psychiatric symptoms) 
directly benefits from these complementary modeling approaches 
(Fig. 1.29–2).

This chapter describes three broadly defined levels of compu-
tational modeling. Biophysically based models are constrained by 

realistic physiological properties of synapses, neurons, and circuits. 
These models are well suited for testing synapse-level hypotheses 
and to allow comparison to physiological and pharmacological stud-
ies in psychiatry. This type of modeling is also well suited to study 
neurophysiological biomarkers of disease states. Connectionist mod-
els use more abstract neural elements but incorporate a systems-level 
neural architecture. These models can be applied to more complex 
behaviors and are also well suited to interface with task-based neuro-
imaging and behavior—namely cognitive neuroscience approaches. 
Mathematical models of behavior formalize the algorithms underly-
ing cognitive computations, which can in turn formalize behavioral 
symptoms and cognitive deficits. These models are well suited to 
quantitatively fit behavior and symptoms. Collectively, this chap-
ter provides a conceptual overview of the current state-of-the-art 
in computational psychiatry, spanning from local neuronal circuits 
to complex behavior such as reinforcement learning (RL). Finally, 
ongoing challenges and future directions in computational psychia-
try are discussed.

BIoPhySIcally BaSEd cIrcuIT ModElS

Biophysically based circuit modeling refers to a computational 
framework for modeling neural systems that is grounded in neu-
robiological mechanisms. These models can simulate neural circuit 
activity and computation at the levels of neurons and synapses, con-
strained by detailed physiological characterization of neuronal and 
synaptic dynamics. These models can be further constrained with 
systems-level experimental measurements of circuit architectures, 

FIGurE 1.29–1. Multilevel analysis of hypothesized disruption informed by computational psychiatry. While current noninvasive neuroimaging 
methods offer major insights into neural system dysfunction in neuropsychiatric conditions, they cannot reveal synaptic or neuronal-level mecha-
nisms. This leaves important explanatory gaps between neuroimaging systems-level observations and cellular-level hypotheses, such as those propos-
ing cellular alterations on specific receptor subtypes. Computational psychiatry aims to help close these gaps by generating testable and translatable 
hypotheses across distinct levels of inquiry.
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neural activity, and behavior in tasks. In these models, dynamic 
activity is typically simulated through systems of differential equa-
tions governing the biophysical properties of neurons, synapses, 
and ion channels. Patterns of activity across neurons are shaped by 
connectivity within the circuit along with external inputs, which are 
also grounded in basic anatomy principles. This allows such models 
to be tested with empirical measures of neural activity. In certain 
models, behavioral responses can be read out from the patterns of 

activity, allowing comparison with behavioral data from various task 
paradigms.

In computational psychiatry, the biophysical basis of circuit mod-
els provides opportunities to probe how synapse-level disruptions 
produce aberrant neural activity and deficits in cognition and behav-
ior. For instance, one can perturb specific synaptic parameters in the 
model that are physiologically interpretable and implicated in hypoth-
esized disease mechanisms. This allows direct implementation of 

FIGurE 1.29–2. Conceptual illustration of the computational modeling and experimental interplay across levels of analysis. The utility of computa-
tional modeling, particularly in the study of schizophrenia, is its ability to inform a given level of experimental study. Because we study abnormalities 
in schizophrenia from the cellular level at the neural system level, and ultimately at the level of behavior, we have to utilize our modeling approaches 
to best fit the experimental framework. For instance, cellular-level experiments use techniques and produce measurements that are best captured using 
models that contain the necessary level of biophysical realism (bottom panels). Such models can, for instance, inform synaptic processes that may 
govern the microcircuit phenomena under study such as neural oscillations. In turn, a number of neuroimaging studies have focused on characterizing 
system-level disturbances in schizophrenia both using task-based paradigms and resting-state functional connectivity approaches. To best inform such 
system-level cognitive neuroscience experiments, models should capture the relevant detail and complexity of larger-scale neural systems (middle 
panel). Such models can perhaps better inform the role of systemic pharmacological manipulations on blood-oxygen-level-dependent (BOLD) func-
tional magnetic resonance imaging (fMRI) or can be used to predict results of functional connectivity studies in schizophrenia. Finally, schizophrenia 
produces complex and devastating behavioral symptoms, which can be measured via increasingly sophisticated behavioral paradigms. Here the use 
of models that formalize complex behavior can provide a powerful tool to quantitatively examine a given behavioral process in patients (e.g., rein-
forcement learning).

FIGurE 1.29–3. Illustrative example of a connec-
tionist PDP-style model in the context of fear con-
ditioning. In the case of fear learning, PDP models 
have successfully merged connectionist-level archi-
tecture across distinct “modules” that represent 
specific neuroanatomical structures while remain-
ing committed to a certain level of biophysical 
realism (i.e., by modeling the amygdala based on 
animal physiology experiments). In this exemplar 
case, each larger module is comprised of individual 
nonlinear units (black units = maximum activation; 
white units = zero activation; gray units = intermedi-
ate level of activation), as is typically done in PDP 
models. Large arrows denote connections across 
modules, which are modeled as feedforward and 
excitatory, corresponding to pathways in the actual 
rat brain (although they are simplified here). Con-
nection strengths across the modules are modu-
lated as a function of learning by incorporating an 
extended Hebbian rule. (Adapted from Armony 
JL, Servan-Schreiber D, Romanski LM, Cohen JD, 
LeDoux JE. Stimulus generalization effects of audi-
tory cortex lesions in a computational model and in 
rats. Cereb Cortex. 1997;7(2):157–165.)
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hypothesized perturbations related to disease mechanisms and phar-
macological manipulations. One can then characterize the impact of 
these perturbations on emergent neural activity and behavior. There-
fore, the model results can be related to human neuroimaging and 
psychophysics in healthy and clinical populations, as well as in animal 
models of disease states. Biophysically based circuit models have the 
specific potential to inform our understanding and design of pharma-
cological therapies, because they incorporate details of synaptic and 
neuronal properties that are altered by psychiatric medications.

Despite these inherent advantages, due to the level of detail in 
biophysically based modeling, it remains a challenge to relate cir-
cuit models to specific complex cognitive functions. For some core 
cognitive computations, we have knowledge of the neural circuit 
basis underlying these processes, which typically involve contribu-
tions from preclinical animal studies. For these cases, detailed cir-
cuit models can be developed rigorously to provide the link from 
synaptic disruptions to behavior (e.g., cognitive deficits discussed 
below). However, due to the large number of physiological parame-
ters, these models are more difficult to fit quantitatively to behavioral 
performance. In other cases, psychiatric symptoms relate to complex 
functions for which we lack understanding of the underlying neu-
ral circuit processes. At present, these circuit models are limited and 
cannot be applied to complex behavioral tasks, for which we lack 
understanding of neural circuit correlates.

Biophysically based circuit models can also provide insight into 
the mechanisms underlying neurophysiological biomarkers of dis-
ease states (see section below). These biomarkers can include electro-
physiological measurements of aberrant neural oscillatory dynamics 
and neuroimaging characterization of large-scale dysconnectivity 
in resting-state activity. Put differently, some neural measures are 
directly translatable from cells, to neural systems and from animals 
to humans (e.g., electrophysiological signatures measured via single 
electrodes, electrode arrays or via EEG in humans). In such cases 
biophysically based models can provide testable predictions that can 
be readily translated from animal to human experiments.

linking Synapses to cognition:  
Working Memory

An important application of biophysically based neural circuit mod-
els to cognitive processing has been in the topic of working memory. 
Working memory refers to the ability to encode and transiently main-
tain or manipulate information internally, in the absence of sensory 
stimulation (e.g., remembering a phone number for a few seconds). 
This neural computation is fundamental for normal expression of 
behavior and relies on the delicate balance of local microcircuit neu-
rons. Impairment in working memory is a prominent cognitive defi-
cit in a number of psychiatric and neurological disorders, including 
schizophrenia and ADHD.

Working memory function is also a promising candidate in clini-
cal neuroscience as an endophenotype, a quantitatively measurable 
core trait that is intermediate between genetic risk factors and a 
psychiatric disorder. Such transdiagnostic endophenotypes may be 
more tractable for research into mechanistic underpinnings of symp-
tom dimensions. In that sense, working memory is a useful test bed 
for applying biophysically based modeling to cognitive function, 
because there are experimental paradigms that provide multilevel 
data that can constrain and test models.

Neural circuit Basis of Working Memory. Neuroscien-
tific studies in animals and humans have revealed important neural 
circuits and systems involved in working memory. Working memory 

engages a distributed network of cortical and subcortical areas, with 
prefrontal cortex (PFC) as a key node in this network. Single-neuron 
recording experiments in monkeys have found that a neural correlate 
of working memory in PFC is stimulus-selective persistent activity, 
in which neurons show elevated firing rates during the mnemonic 
delay. For instance, in one well-studied experimental paradigm, the 
oculomotor delayed response task, the subject must maintain in work-
ing memory the spatial location of a visual cue across a delay period 
to guide a saccadic eye movement toward that location. During the 
mnemonic delay, a subset of prefrontal neurons exhibit tuned per-
sistent activity patterns, with single neurons firing at elevated rates 
for a preferred spatial location. This paradigm has been successfully 
extended to human studies and extensively tested via functional neu-
roimaging, confirming the neural correlates of working memory in 
humans. In that sense, this complex cognitive behavior is an ideal 
example where the synaptic, neuronal, system-level, and behavioral 
mechanisms are well linked in both animal and human studies. We 
focus here on biophysically based models of working memory that 
can offer specific insights into the circuit mechanisms causing dis-
ruptions in this complex behavior.

attractor Network Models. A class of circuit models 
called attractor networks provides a leading framework for under-
standing the neural circuit basis of persistent activity supporting 
working memory. The term attractor comes from the mathemati-
cal formalism of dynamical systems: an attractor state is an activity 
pattern that is stable in time, so that after a small perturbation to 
the state of the system, the system converges back to the attractor 
state. In attractor network models, these dynamics are typically for-
malized by a set of differential equations that capture the neuronal 
dynamics over time. An attractor network model of working mem-
ory typically possesses multiple attractor states: a low-activity base-
line state and multiple stimulus-selective memory states in which a 
subset of neurons are persistently active. Because the memory state 
is a stable attractor state, it is self-reinforcing and resistant to noise 
or perturbation, allowing the memory to be maintained over time. 
This critical property of such models has been shown to rely on the 
slow currents mediated via the NMDARs on excitatory pyramidal 
cells. It is important to highlight here that it is precisely this level 
of detail in biophysically based models (i.e., NMDAR conductance) 
that allows for perturbing and testing of specific synaptic contri-
butions to the neural circuit or ultimately behavior (i.e., working 
memory performance).

In a typical attractor network, subpopulations of neurons are 
selective to different stimuli. Neurons of similar selectivity show a 
Hebbian pattern of strong recurrent excitatory connections between 
them. When the strength of recurrent excitatory connections is 
strong enough, they can support a persistent-activity memory state. 
Strong, structured recurrent excitation sustains the persistent activ-
ity. Inhibitory GABAergic interneurons mediate strong feedback 
inhibition that serves two roles. First, it stabilizes the low-activity 
baseline state. Second, during persistent activity they provide lateral 
inhibition that enforces selectivity of the working memory represen-
tation, preventing the spread of excitation to the entire population of 
neurons in the network. The stability of attractor dynamics, which 
depends on excitation and inhibition, provides the network with a 
natural resistance against noise and distractors that intervene during 
the delay (i.e., a stable attractor state). This robustness of working 
memory against distraction is a key cognitive property that supports 
cognitive processing.

Detailed biophysically based models have revealed important 
constraints on circuit function and made specific predictions that 
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are experimentally testable. Strongly recurrent networks are prone 
to oscillations, which can destabilize persistent activity patterns 
and destroy working memory function. As noted, a decade of com-
putational modeling work has predicted that persistent activity can 
be stabilized if recurrent excitation is mediated primarily by slow 
NMDAR, rather than by fast α-amino-3-hydroxy-5-methyl-4-
isoxazolepropionic acid (AMPA) receptors, to provide temporal sta-
bility of the delay activity. A number of model predictions have been 
tested through studies that record the activity of single neurons while 
focally applying pharmacological agents localized to the cortical tis-
sue surrounding that neuron. In line with model predictions, it was 
experimentally established that locally blocking NMDA receptors 
can abolish delay-period persistent activity, and that locally blocking 
GABA receptors leads to decreased stimulus selectivity during the 
delay through elevated firing. These experimental tests support the 
critical roles of balanced excitation and inhibition in PFC in support-
ing working memory function, a neural property that is hypothesized 
to be affected by severe psychiatric conditions (e.g., schizophrenia).

dysfunction in attractor Models. A number of compu-
tational modeling studies have analyzed how attractor network func-
tion is impacted by alterations of synaptic and neuronal properties. 
Optimal cortical function depends on the proper balance of excita-
tion and inhibition (E/I balance). Disruption of E/I balance in cortex 
is implicated in the neuropathology of a number of psychiatric dis-
orders, including schizophrenia, autism, and ADHD. As described 
above, attractor models require strong recurrent interactions between 
pyramidal neurons and interneurons, and are therefore sensitive to 
perturbations of E/I balance. Because these models also implement 
the core cognitive process of working memory, which is known to be 
disrupted in psychiatric disorders, attractor models provide a useful 
test bed to link disrupted E/I balance to cognitive deficits and gen-
erate critical experimental predictions across levels of analysis (see 
Fig. 1.29–2).

These models have been most often applied to circuit disruptions 
implicated in schizophrenia, for which a number of cortical altera-
tions are proposed. Although neuronal microcircuit alterations in 
schizophrenia are complex, many studies have converged on inter-
neuron dysfunction as a key component of its pathophysiology. 
Impaired interneuron function can result in weakened recruitment of 
feedback inhibition, causing disinhibition of pyramidal neurons and 
an elevated E/I balance in the circuit. Computational models have 
explored the neural and cognitive effects of disinhibition in working 
memory circuits. A mild disinhibition can induce a broadening of 
working memory representations, which can be understood from the 
role of inhibition in maintaining the selectivity of persistent activ-
ity patterns. A strong disinhibition can destabilize the baseline state, 
causing working memory patterns to spontaneously appear (e.g., false 
memory representations). Importantly, these distinct regimes make 
dissociable predictions for performance in working memory tasks, 
which allows testing of these hypotheses with behavior. In addition to 
inhibitory deficits, there is also strong evidence that recurrent excita-
tion is compromised in PFC in schizophrenia. In the attractor models, 
reductions in recurrent excitation can abolish persistent activity, pre-
venting the circuit from implementing working memory. This regime 
again makes specific testable predictions for behavior and patterns of 
neural activity in the context of working memory tasks.

Attractor models have also been applied to study the effects of 
neuromodulation on working memory. Neuromodulators are known 
to alter the effective conductances of a number of synaptic recep-
tor and neuronal channels. Dopamine (DA) has diverse effects of 
prefrontal cortical circuits, modulating multiple cellular and synap-

tic sites on both pyramidal cells and interneurons. DA also modu-
lates working memory function, and DA signaling is found to be 
dysregulated in a number of psychiatric disorders. Numerous lines 
of evidence support the hypothesis that in schizophrenia there is 
impairment of DA signaling, via the D1 receptor, in PFC. One cir-
cuit modeling study found that D1 stimulation increases stability of 
both baseline and memory states in the network, which would be 
functionally beneficial during working memory maintenance. This in 
turn predicts that a hypodopaminergic state in PFC impairs working 
memory by weakening persistent activity and thereby rendering it 
vulnerable to disruption by noise or distraction. In contrast, an aber-
rantly hyperdopaminergic state could cause attractor states to be too 
strong, rendering the network inflexible to signals that should nor-
mally induce transitions between internal states.

In turn, biophysically based models can also be scaled to the 
level of neural systems. Extending biophysically based models in 
this way can generate experimental predictions for neuroimaging 
experiments that can be tested via causal pharmacological manipula-
tions in humans or during cognitive tasks in psychiatric populations. 
More specifically, one of the most established findings coming out 
of human neuroimaging experiments implicates an “anti-correlated” 
neural architecture. There are brain regions specifically involved in 
orienting to an externally demanding cognitive task (i.e., task-pos-
itive areas) or areas that are more active when engaged in internal 
mental states but suppressed during cognitive demand (i.e., task-
negative areas or sometimes referred to as the default mode network, 
DMN). Studies have found that during demanding cognitive tasks 
patients with schizophrenia typically cannot suppress task-negative 
areas and concomitantly cannot activate task-positive regions—a 
process also shown to occur following NMDAR antagonist admin-
istration in healthy individuals during working memory. Biophysi-
cally based microcircuit computational models have been expanded 
to capture the reciprocal putative antagonism between task-positive 
and task-negative neural systems in a biologically plausible fashion 
by incorporating mutual synaptic inhibition. In this way, such models 
can generate system-level predictions for task-based neuroimaging 
experiments in humans while still capturing the relevant synaptic 
detail. Nevertheless, as noted previously, these models are still lim-
ited in the repertoire of complex behaviors they are able to capture 
due to the inherent constraint placed by biological realism in such 
models. Therefore, this branch of computational psychiatry is not yet 
positioned to address the range of complex cognitive and affective 
computations that can be represented in humans. This is at present 
much better accomplished by another type of modeling—namely 
connections models—which we turn to next.

coGNITIVE PSychIaTrIc NEuroScIENcE 
aNd coNNEcTIoNIST ModElS

The sections above introduce the interface between biophysically 
based computational modeling and clinical neuroscience. As noted, 
this branch of modeling is distinguished by building on the physical 
properties of real neurons and synapses, producing realistic cellu-
lar-level dynamics. This level of detail is ultimately vital to gener-
ate mechanistic predictions at the level of treatments or to elucidate 
synaptic mechanisms governing complex behaviors in psychiatric 
patients. Nevertheless, a parallel line of computational psychiatry 
research has emerged in lockstep with the cognitive neuroscience 
revolution, building on the rapid and productive advances in noninva-
sive neuroimaging technology. Specifically, this branch of modeling 
can be broadly referred to as connectionist models that are designed 
to capture the function of large-scale neural networks and generate 
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behavioral predictions in conjunction with human cognitive neuro-
science experiments.

Emergence of cognitive Neuroscience  
in Psychiatry

Before detailing the contributions connectionist modeling has made 
to psychiatry, it is important to set the stage for the type of research 
questions these models are best suited for—namely cognitive neuro-
psychiatry. The past two decades have witnessed an explosive growth 
of knowledge regarding the neural correlates of various cognitive and 
affective processes in healthy individuals. This burgeoning field of 
cognitive neuroscience has generated an increasingly robust platform 
for interpreting clinical neuropsychiatric phenomena. This is primar-
ily accomplished by garnering an increased understanding of neu-
ral systems known to be involved in various cognitive operations in 
healthy individuals. This understanding in turn constrains our search 
space for what aspects of brain circuitry may be abnormal in clinical 
populations exhibiting deficits in these same cognitive operations. 
Therefore, using a cognitive neuroscience framework with the spe-
cific application toward understanding computational mechanisms 
offers a promising tool for elucidating and ultimately treating psychi-
atric symptoms by delineating abnormalities in neural circuits whose 
functions are increasingly understood in healthy populations.

This cognitive neuroscience framework has emerged in paral-
lel with the development of computational modeling in psychiatry. 
Historically, the types of computational psychiatry models that first 
appeared were most directly aligned with the neural systems and 
behavioral levels of analyses. Therefore, there exists a productive 
and ongoing interplay between cognitive neuroscience in psychiatry 
and connectionist modeling approaches.

connectionist and Parallel distributed 
Processing Models

There is a long history of using models to understand CNS function. 
Such a review is beyond the scope of this chapter and we refer the 
reader to one of the references at the end of the chapter. However, 
briefly it is worth considering the long-standing analogy of the brain 
as a “computer.” Growing sophistication of algorithms and principles 
in basic computer science has cross-fertilized the emerging applica-
tion of such approaches in neuroscience. One particular framework 
that has emerged out of this effort is modeling of neural networks. 
More formally, models of this class are called parallel distributed 
processing (PDP) or connectionist models. This broad class of mod-
els has emerged in an effort to elucidate the neural correlates of com-
plex psychological functions, including cognitive control, language, 
and fear processing.

Importantly, these models are distinct in their flavor, architecture, 
and algorithmic implementation from the biophysically based (or 
behavioral) models reviewed in this chapter. The key distinction is 
represented in their ability to incorporate some level of abstraction 
beyond strict biological realism. A major objective of PDP models is 
to develop a deeper understanding of the mechanisms driving cogni-
tion from a psychological perspective, but using principles thought 
to capture aspects of computations as they might be carried out in the 
brain. Put differently, such models do not necessarily build in explicit 
neurobiological constraints or assumptions.

A typical PDP model architecture is conceptualized as a series 
of “units” that are interconnected in some fashion and that repre-
sent some computational process. Each unit implements a simple 
transfer function that summates its inputs from other model units 

and transforms that into an output activity level. The state of the net-
work is described by the graded activity patterns over populations of 
these simple units, and information processing occurs through the 
transformation of activity patterns from one set, or layer, of units to 
another. To achieve the desired information processing, the connec-
tion strengths between units are modified through a learning algo-
rithm, such as back-propagation. This training of connection weights 
is meant to capture some elements of the type of Hebbian learning 
known to govern changes in connection strength between neurons.

In the back-propagation learning algorithm, the network is pre-
sented with an input pattern, and the output layer is allowed to gen-
erate its response. At each layer of the network, an error signal is 
computed as the difference between the response generated by the 
network and the desired target response. These error signals are 
propagated back through the network toward the input layer, used to 
modify the connection weights between units. The implementation of 
back-propagation learning provides an example of how connectionist 
models, while capturing complex neural phenomena, may not map 
onto specific neurobiological mechanisms (in contrast to biophysi-
cally based models described above). Nevertheless, this approach 
captures the idea that learning occurs through an incremental mini-
mization of error by small changes in the connections between units 
(a phenomena referred to as gradient descent).

In typical PDP models, the units are abstracted, without a direct 
correspondence to individual neurons or explicit neurobiologi-
cal assumptions. Units instead represent processing accomplished 
by neuronal assemblies and capture the general principles of neu-
ral information processing. However, some modeling studies have 
incorporated neuroanatomical constraints and specific neurotrans-
mitter modifications, at varying levels of resolution.

Connectionist models help to build bridges between understand-
ing of low-level properties of neural systems and their participation 
in higher-level (systems) behavior. They are able to capture a wide 
range of complex behaviors and neural systems interactions, which 
cannot at present be modeled as effectively by biophysically based 
models. Therefore, PDP models continue to be successfully applied 
in computational psychiatry to address questions and scenarios in 
which the field lacks firm empirical evidence to inform strong bio-
logical assumptions.

applications of connectionist  
Models in Psychiatry

This section presents three example areas of research where PDP 
models have provided novel insights and established a vital inter-
play between basic neuroscience and psychiatric questions. First, 
the focus is placed on how PDP models have been used to under-
stand the formations of hallucinations and delusions in schizophre-
nia. In turn, we review the role of PDP models in understanding 
cognitive control deficits, which cut across many psychiatric con-
ditions. Third, we discuss the use of connectionist models in the 
context of fear conditioning, specifically from a systems neuro-
science perspective with possible implications for understanding 
PTSD.

connectionist Modeling of hallucinations in Schizo-
phrenia. Some of the seminal models using the PDP framework 
were developed to examine the impact of abnormal synaptic prun-
ing in cortex and its possible consequences on symptoms observed 
in schizophrenia, specifically formation of hallucinations, which 
are abnormal internal sensory experiences in the absence of exter-
nal sensory input. This mechanism is based on the neurobiological 
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conceptualization of schizophrenia as a neurodevelopmental illness 
associated with abnormalities of synaptic pruning over the course of 
development, which in turn impacts the functioning of large-scale 
neural systems.

PDP models implemented this mechanism by eliminating the 
connections between units thought to represent synaptic connec-
tions. This line of research showed that if a sufficient number of con-
nections were removed, then the model would repeatedly return to 
an abnormal state referred to as “parasitic foci.” That is, research-
ers observed patterns of activity across units in the model that did 
not correspond to any learned memory, but to the “state” to which 
the model kept returning—perhaps capturing an abnormal internally 
generated state that could occur during hallucinations. Researchers 
in this area hypothesized that these parasitic foci may behaviorally 
map onto delusions and hallucinations. A concrete example of how 
PDP models may help explain hallucinations came from applications 
to understanding language processing. Using the PDP-style archi-
tecture, research found that language could be represented within an 
“Elman” network—namely a sequential recurrent network that con-
sists of an input and an output layer connected by a “hidden layer” 
that computed internal processing. This architecture included an 
additional layer connected to the hidden layer that could temporar-
ily store information, thought to support working memory functions 
(temporary storage of information) during speech perception. In this 
architecture, it was shown that elimination of connections between 
units (i.e., “synapses”) in the working memory subnetwork of the 
model initially improved speech perception. However, as the severity 
of the elimination increased, the model started to fail to detect words 
correctly and started to generate “hallucinations.” In this PDP model, 
this was computationally captured as patterns of activity across the 
output layer that corresponded to words even when there was no 
structured input into the model. In contrast to synapse elimination, 
a small of amount of “cell” removal (e.g., elimination of units) also 
initially improved speech perception, but greater cell loss did not 
generate hallucinations. Critically, these early PDP models provided 
an important “proof of concept” for how various neurobiological 
changes might affect connectionist networks.

In turn, such PDP models can also incorporate some aspects of 
broad neuromodulation. For instance, researchers that extended the 
PDP models of hallucinations in schizophrenia also captured the 
potential influence of increased DA in the model. This is concretely 
accomplished as a gain function within the model by abstracting a 
neurobiologically plausible broad “neuro-modulatory” influence on 
the entire PDP network. In schizophrenia, the role of DA is hypoth-
esized to play a key role in cortical “tuning.” Based on this hypoth-
esis, PDP models incorporated increased DA by changing the bias 
onto the units in the working memory module, effectively requir-
ing them to accumulate greater information to maintain information. 
This manipulation only relates to one aspect of the influence of DA 
on neuronal information processing and by itself it did not fully cap-
ture clinical observations. However, a combination of increased DA 
and synaptic pruning more successfully captured the performance of 
those patients who experienced hallucinations.

These types of models incorporate aspects of brain-style computa-
tional principles, but did not make strong commitments to key aspects 
of neurobiology during model development. Nonetheless, they pro-
vided critical steps and a mathematical formalism to understand how 
neurobiological or neural network deficits might contribute to the 
formation of core symptoms of psychosis, such as hallucinations. 
Although the models themselves did not produce behaviors with 
the same format and content as shown by human patients, the “in 
principle” examples provided conceptual leverage to bridge the gap 

between biology and behavior, and even extend to treatment recom-
mendations (e.g., work in the area of transcranial magnetic stimula-
tion that explicitly leveraged insights from these models). Therefore, 
despite not explicitly committing to biological realism, PDP models 
can provide useful predictions for treatment development.

connectionist Modeling of cognitive control defi-
cits. A parallel line of research leveraged PDP models to under-
standing cognitive control deficits that emerge across psychiatric 
conditions but are particularly prominent in schizophrenia. These 
models developed a more neurobiologically plausible architecture by 
postulating that “cognitive control” in the CNS arises from interac-
tions between the DA neurotransmitter system and the PFC. These 
models suggested that goal-related information, or context informa-
tion, was maintained in PFC and used to bias stimulus response map-
pings represented in posterior cortex, serving as a source of top-down 
support for controlling behavior. In these models, the “context” mod-
ule was associated with the functions of the DLPFC. Active main-
tenance in the absence of external inputs was assumed to occur via 
recurrent excitation, as suggested by neurobiological data that was 
reviewed in the sections above. This branch of models assumed that 
feedback projections from the context/DLPFC module biased pro-
cessing in posterior systems via direct excitation, but that competi-
tion between representations within a processing stream occurred 
via lateral inhibition. Further, the effects of DA were assumed to be 
modulatory rather than purely inhibitory, such that changes in DA 
activity could either increase or decrease activity depending on the 
nature of inputs that DA was modulating. Put differently, increases 
in DA were assumed to increase the signal-to-noise ratio of a unit’s 
activation value in relation to its input.

Concretely, these models have been successfully used to generate 
predictions about a specific pattern of complex behavioral errors that 
are observed during cognitive paradigms evaluating context process-
ing deficits in schizophrenia. Specifically, the models were used to 
test the hypothesis that reductions in DA input into lateral PFC lead 
to impairments in the ability to represent and maintain context infor-
mation in lateral PFC, and that this impairment in the representation 
of context leads to deficits in a range of cognitive tasks among indi-
viduals with schizophrenia. Behaviorally, the model predicted that 
individuals with cognitive deficits should exhibit a specific pattern of 
behavioral errors when context information needed to be maintained. 
This pattern of errors was largely confirmed across a series of stud-
ies in schizophrenia patients. In turn, this type of PDP model was 
also successfully leveraged to generate predictions about patterns 
of lateral PFC signals found during task-based cognitive activation 
neuroimaging paradigms. The specific prediction from these models 
suggested that individuals with schizophrenia should show reduced 
lateral PFC activity in conditions with a strong demand for context 
maintenance. Again, a number of empirical reports confirmed this 
prediction, showing that patients with schizophrenia exhibited defi-
cits in recruitment of lateral PFC specifically in line with model pre-
dictions. Subsequent work in this area suggested that deficits in DA 
signaling may contribute to abnormal context maintenance and infor-
mation gating in lateral PFC, which in part contributes to cognitive 
processing deficits seen in this patient population.

Collectively, this line of research illustrates how PDP models 
can be used to make both behavioral and neural predictions of a 
given behavioral symptom (i.e., cognitive deficits) that can in turn 
be explicitly tested via cognitive neuroscience paradigms in patients. 
This line of research has also been successfully leveraged to under-
stand the neural underpinnings of specific affective deficits in psychi-
atric populations—namely fear conditioning.
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connectionist Modeling of Fear conditioning. It is well 
established that severe deficits in emotion processing cut across differ-
ent diagnostic categories, including schizophrenia, bipolar illness, and 
anxiety disorders to name a few. Here we specifically focus on computa-
tional modeling studies in a specific area of affect processing—namely 
fear expression. Abnormal fear expression provides a powerful transla-
tional target that can be understood computationally across mammalian 
species given the well-preserved neurobiological mechanisms underly-
ing basic fear expression. At the basic preclinical level, the role of the 
amygdala in fear generation is perhaps one of the best-studied neural 
computational mechanisms, having been translated across levels of 
analysis, including human studies. Clinically, abnormal fear expression 
can be found across a host of anxiety disorders, including generalized 
anxiety, social anxiety, specific phobias, and PTSD. Therefore, compu-
tationally formalizing abnormal fear circuits represents a particularly 
broad and important challenge for computational psychiatry.

Computational studies in this area have used the amygdala as a 
central starting point. The amygdala is a small structure comprised of 
several nuclei located anterior to the hippocampal formation, and is 
critical for the normal expression of fear and learning of fear-related 
associations (i.e., classical fear conditioning). In that sense, PDP mod-
els in this area build on both well-understood biophysical principles 
of this neural structure and its well-established large-scale anatomical 
connectivity. This is a good example of how PDP-style models can at 
times incorporate more explicit commitments to biologically plau-
sible circuits and instantiate biophysical realism while maintaining 
a system-level architecture with useful behavioral predictions (e.g., 
fear learning). Specifically, such anatomically constrained PDP mod-
els of fear circuitry have been used to generate predictions for how 
multiple interacting neural structures could work jointly to accom-
plish a pairing between the unconditioned stimulus (US, nociceptive 
stimulus) and the conditioned stimulus (CS, auditory input) (see Fig. 
1.29–2). Using this model architecture, it was found that fear learning 
can be established via the joint pattern of activation across specific 
unit pairs that map the CS and UC. Furthermore, the model provided 
a powerful way to generate predictions for how focal lesions may 
affect fear learning—a specific advantage of PDP models that are 
developed based and constrained via neuroanatomically plausible 
principles. This line of work in particular can help generate useful 
predictions for abnormalities in fear expressions that may result from 
neuropathology to one or more key components of the fear circuit.

Collectively, this work demonstrates how connectionist mod-
els can be used creatively and flexibly to generate behavioral and 
neuroimaging predictions across a wide range of neural systems 
and behaviors. As noted, this flexible repertoire of PDP-style mod-
els is possible because their architecture is not always explicitly 
developed or constrained based on neurophysiology or neuroanat-
omy. That said, these models still make a number of strong com-
mitments to represent neural computations. For this reason, PDP 
models are not always capable of formalizing even more complex 
behaviors that may occur in psychiatric patients (e.g., formation of 
complex and abnormal belief patterns such as delusions, or defi-
cits in motivation and reward learning). In such cases where nei-
ther PDP models nor biophysically based models can provide the 
final links to behavior, we turn to mathematical models of behavior 
that are explicitly developed to formalize the patterns of complex 
psychiatric symptoms.

MaThEMaTIcal ModElS oF BEhaVIor

The computational psychiatry approaches discussed above, bio-
physically based circuit modeling and connectionist modeling, aim 

to develop models with elemental components that instantiate how 
neural systems transform their inputs into outputs. These approaches 
are often limited in the range of cognitive behaviors to which they can 
be applied, due to our limited knowledge of the relevant neurophysi-
ological mechanisms. An alternative approach to modeling cognition 
is to develop mathematical models that provide an account of the psy-
chological computations underlying a given cognitive function. These 
models are often grounded in so-called normative accounts that aim 
to define the algorithms that optimize performance at a task and to 
characterize constraints that limit such task performance.

Although developed to explain behavior, these models can poten-
tially make important links to neural circuits. For example, experi-
ments can reveal that activity in specific brain areas represents the 
internal variables of the model, providing support for this computa-
tional account and providing insight into the division of labor among 
brain systems. In turn, such neuroscientific findings can inform the 
algorithms and modules that compose the computational architecture 
of the model.

Impairments in decision making are a common cognitive symp-
tom across psychiatric and neurological disorders. Mathematical 
models of behavior can formalize these symptoms in rigorous and 
quantitative terms, potentially isolating specific components of 
decision-making computations that are altered in a given psychiat-
ric condition. These models typically have fewer parameters than 
the neural systems models described above, which enables them to 
be more easily fit to behavioral data or to explore the full range of 
a given parameter. In that sense, behavioral models can provide a 
deeper intuition on the full range of a possible behavioral repertoire 
and help rigorously define the behavioral states that may be abnormal 
or maladaptive.

reinforcement learning

One form of dysfunction in decision making is disruption in the pro-
cess through which one learns the values of available actions. Math-
ematical modeling and experiments have made great progress in 
studying this process in the context of RL. In RL, an agent learns the 
values of stimuli and actions through successive trials of feedback 
(reward and punishment), and selects actions based on these values 
to maximize one’s overall outcomes.

A class of temporal-difference RL (TDRL) models has been 
widely applied to explain the process of learning the mapping from 
stimuli and states to actions. In these models, actions are selected 
on the basis of the total expected value for that action. The value of 
each action is learned through sequential updating based on a RPE. 
In its simplest form, the RPE is the difference between the reward 
received after that action and the expected value of the action. Thus, 
if the reward is greater than expected, a positive RPE signals that the 
value should be increased. If the reward is equal to that expected, the 
RPE should be zero. The formulation of the RPE can be extended 
to incorporate additional factors, such as temporal discounting of 
future outcomes. TDRL models are well supported by behavioral 
studies, as well as neuroscientific studies that have found brain areas 
that signal action values and RPEs. In particular, DA neurons in the 
subcortical VTA quantitatively reflect internally computed RPEs 
through bursts of action potentials.

Many key aspects of addiction can be modeled as dysfunction in 
a TDRL model. It is thought that drugs of abuse access the natural 
RL systems in the brain, leading an agent to over-select drug-seeking 
actions. Specifically, drugs of abuse can intervene in the pathways 
that activate the DA neurons that are involved in signaling RPEs. For 
instance, cocaine can induce phasic firing of DA neurons in the VTA. 
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In TDRL, this can interfere with RPE signaling, strongly increasing the 
learned values for drug-seeking actions so that they come to dominate 
behavior. Modeling studies have found that implementing this drug-
induced component to RPE signaling in a TDRL model can parsimo-
niously explain a number of important aspects of addiction-related 
behavior.

The TDRL model described above, which learns the values of 
actions for a given state, applies to habit-related learning. More 
elaborate RL models have also been developed to explore the roles 
of multiple learning systems in the brain. In addition to this habit-
related form of learning (also called model-free RL), there is another 
type called model-based RL. Model-based RL calculates the values 
of actions from the values of future states, using internal representa-
tion of the causal structure of the environment (i.e., knowing which 
states are reached through the actions). Model-based RL is more 
computationally demanding for the agent (but also more flexible) 
than model-free RL, and is associated with cognitive processing 
involving in the PFC.

By comparing behavior in RL tasks to model performance, 
researchers can probe the relative reliance on model-free versus 
model-based RL. Cognitive deficits may impair function of model-
based RL, leading to an increased reliance on model-free RL. 
Researchers have designed behavioral paradigms to measure the 
relative contributions of model-free versus model-based RL in deci-
sion making. Studies have found, both in addiction and in OCDs, that 
there is a favoring of the habitual model-free RL compared to healthy 
controls. These findings support the view of these disorders exhibit-
ing habitual, repetitive behaviors.

decision Making via Sequential Sampling

Another topic of mathematical modeling of decision making is the 
process of categorically selecting among available options. This has 
been most extensively studied in the context of two-alternative forced 
choice (2AFC) tasks. In 2AFC tasks, the decision-making process can 
be formulated as the sequential accumulation over time of evidence in 
favor of one option or the other. The drift diffusion model (DDM) is 
a phenomenological but mechanistic model that is widely applied to 
2AFC tasks, and likely the optimal solution in certain contexts.

In the DDM, a decision variable evolves in time, accumulating 
noisy evidence. Because evidence sampling is inherently noisy, the 
decision variable undergoes a biased random walk, with a mean drift 
rate in one direction determined by the net evidence in favor of one 
option over the other. Computationally, the two choices correspond 
to a lower and an upper bound; when the decision variable crosses a 
bound, the corresponding choice is made. Because the noise is differ-
ent on each decision-making trial, the choice and reaction time vary 
across trials. One strength of the DDM is that it generates not just a 
proportion of choices but a full distribution of reaction times that can 
be used to fit empirical choice data. At the neural level, the DDM has 
received support from electrophysiological recordings from a num-
ber of cortical areas that show slow ramping of neural activity during 
decision making.

The DDM can also explain aspects of impaired decision making, 
by describing behavior in terms of the values of DDM parameters. 
This has the potential to more precisely isolate and quantify differ-
ences in decision-making behavior. Consider, for instance, a clini-
cal group that shows a propensity toward selecting one option over 
the other. In the DDM framework, this could be due to one decision 
boundary being closer than the other. Alternatively, the mean drift 
rate may include a component of the drift rate in favor of that option. 
Critically, these two potential mechanisms have dissociable effects 

on the patterns of errors and reaction times. Therefore, fitting sub-
jects’ behavioral data can isolate which alteration better describes 
behavior in a group of subjects.

Bayesian approaches to Inference

Another fruitful area of research is the mathematical formalism 
of belief formation. This is most clinically relevant in cases where 
strong but abnormal beliefs can result in internal states that are clini-
cally characterized as delusions. Here the biggest impact has been 
achieved by a class of mathematical models of Bayesian inference. 
Bayesian inference describes how the estimated probability of event 
A should be updated by observation of event B, according to Bayes’ 
theorem:

P A B
P B A P A

P B
( | )

( | ) ( )

( )
=

where P(A | B) is the probability of A given that B is true, P(B | A) is 
the probability of B given that A is true, P(A) is the probability of A, 
and P(B) is the probability of B. Therefore, the posterior P(A | B) is 
proportional to the likelihood P(B | A) times the prior P(A). The prior 
probability, the expectation for event A to occur, plays a key role in 
the inference of the posterior estimate from observation of event B.

In the context of delusion formation, Bayesian models hypoth-
esize that psychosis is a neural and psychological state that is marked 
by abnormal priors about the world. Abnormal priors may result from 
a state of aberrant salience, that is, events in the environment are 
hypothesized to be more salient than usual, perhaps due to elevated 
DA signaling in the striatum. Bayesian models can in turn be applied 
to a range of behavioral experimental contexts where expectations 
are formed and then confirmed or violated, with the reported poste-
rior estimates providing a window into the abnormal priors. Studies 
in this area support the view that abnormal priors (or posterior proba-
bility) lead to formation of abnormal inferences, which could lead to 
a stable internal belief that is not supported by current evidence (i.e., 
a delusion). Put simply, Bayesian models of behavior when applied 
to psychiatry have postulated that delusions may be an extreme state 
of abnormal inference. This framework has been subsequently linked 
to abnormal prediction error coding and extended to a neuroimag-
ing context, providing a putative neural marker of abnormal belief 
formation.

ModElING NEuroPhySIoloGIcal 
BIoMarkErS

A major goal of clinical neuroscience is the discovery of robust 
neurophysiological biomarkers for psychiatric disorders. Under-
standing the mechanistic basis underlying these biomarkers could 
aid in the development of treatments, by mapping specific circuit 
perturbations to neurophysiological measurements. Biophysically 
based circuit modeling is well suited for linking these levels, as 
the models link synapse-level parameters to network-level dynam-
ics. Models can make predictions for how physiological biomarkers 
are affected by putative synaptic disruptions. In turn, model predic-
tions provide the basis for inference in the other direction, to test 
hypotheses regarding site of a synaptic perturbation with measured 
changes in physiological biomarkers. Therefore, biophysically based 
circuit modeling provides a means to interpret specific biomarkers 
and generate hypotheses that can be tested further with synapse-
level and cellular-level measurements. This understanding allows for 
interpretation of aberrant neural dynamics measured in patients in 
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terms of circuit perturbations, which generates specific and testable 
hypotheses for experimental studies in animal models and clinical 
populations. Two topics studied in this way are cortical oscillations 
and large-scale resting-state brain networks.

oscillations

Cortical circuits generate a wide range of oscillatory dynamics that 
arise from strong recurrent network interactions. Abnormal oscilla-
tions have been observed in a number of psychiatric and neurological 
disorders, typically measured through EEG or MEG. Such oscillatory 
deficits are observed both in local dynamics and in long-range coupling 
between brain areas. In schizophrenia, oscillatory abnormalities in the 
gamma range (30 to 80 Hz) are of particular interest. Cortical circuit 
models, comprised of pyramidal cells and interneurons, have been used 
to explore the disruption of gamma oscillations in response to perturba-
tions implicated in psychiatric disorders such as schizophrenia.

Computational and experimental studies support a model in 
which neocortical gamma oscillations arise from a feedback loop of 
excitatory pyramidal cells reciprocally connected with perisomatic-
targeting, fast-spiking (and parvalbumin-expressing) inhibitory 
interneurons. In these circuit models, gamma oscillations can arise 
through a patterned cycle of activation of pyramidal cells and inter-
neurons. Excitatory input causes pyramidal cells to fire. This activity 
then recruits inhibitory interneurons to fire short delay. This feed-
back inhibition suppresses firing in the circuit. After this synaptic 
inhibition decays, the cycle begins again. Models show that such 
oscillatory behavior arises naturally in systems with strong recurrent 
excitation and inhibition if the feedback inhibition is slow or delayed 
with respect to the excitation. As in the case of working memory 
function described above, gamma oscillations depend on strong 
recurrent interactions between excitatory and inhibitory cells, and 
oscillatory dynamics are sensitive to E/I disruptions.

A number of computational studies have developed models of 
cortical microcircuits generating gamma oscillations to study how 
gamma-range synchronization is affected by synaptic perturbations 
implicated in disease states, with a specific focus on schizophrenia. 
These studies have characterized how the schizophrenia-associated 
disruptions of parvalbumin-expressing interneurons can impair gen-
eration of gamma oscillations. Modeling studies have also charac-
terized how gamma oscillations may be affected by dopaminergic 
modulation and antagonism of NMDA receptors on specific cell 
types. In each of these cases, the models provide testable hypotheses 
for the physiological effects of synaptic manipulations.

These models have proven useful in understanding the circuit 
basis of aberrant cortical dynamics in disease states. However, the 
roles of aberrant oscillations in cognitive deficits and psychiat-
ric symptoms remain unclear. There is still controversy regarding 
whether oscillatory synchronization is fundamentally necessary for 
the computations performed by neocortical circuits during cognition. 
Theoretical models have shown that oscillatory synchronization can 
subserve specific computational functions, such as efficient informa-
tion transmission between neural populations. Further computational 
studies are needed that posit specific roles for oscillations in cogni-
tive processes and make specific predictions for how behavior could 
be impaired in disease states.

large-Scale Brain dynamics

An emerging topic in computational neuroscience is the dynamics of 
large-scale brain networks. Progress in this area has the potential to 

provide insight into the growing body of experimental literature char-
acterizing psychiatric disorders with whole-brain functional neuro-
imaging via fMRI. These data may provide important biomarkers of 
disease states. One common approach in fMRI is to analyze low-
frequency fluctuations present in the BOLD signal during rest. In 
particular, resting-state fMRI can provide a pattern of functional con-
nectivity, that is, the variability of the BOLD signal across brain par-
cels. These patterns of functional connectivity can be related to the 
underlying structural connectivity between brain areas, which can be 
measured noninvasively in humans through diffusion tractography.

Recent computational models have been developed to capture how 
the global pattern of resting-state functional connectivity emerges 
through long-range interactions among cortical areas. These large-
scale network models simulate the dynamics of multiple nodes, each 
representing a cortical parcel. The nodes interact through an ana-
tomical coupling matrix reflecting long-range connections, typically 
derived from tractography studies. Ongoing temporal dynamics in 
the nodes produces patterns of correlated fluctuations in the activity 
across the network. The functional connectivity of the model can then 
be calculated and compared to functional connectivity observed in 
experiments.

In one class of these resting-state models, each node is simulated 
with reciprocally connected pools of excitatory pyramidal cells and 
inhibitory interneurons, with diffusion tractography in humans used to 
define the structural connectivity pattern of excitatory long-range pro-
jections between nodes. Each node receives fluctuating background 
input to drive dynamics. As in the microcircuit models, the biophysi-
cal basis of these large-scale models makes them directly applicable 
to address the dynamical consequences of anatomical and physiologi-
cal changes induced by disease processes or pharmacological manip-
ulation. Changes in the strengths of local and long-range connections 
may induce differential effects in the patterns of functional connectiv-
ity. The models reveal that the resting-state functional connectivity 
is sensitive to both the structure of underlying anatomical connectiv-
ity and the physiological parameters that scale local and long-range 
connections. This can be used to test synapse-level hypotheses for a 
disease state by their predictions for resting-state alterations observed 
via fMRI. For instance, the hypotheses of elevated versus reduced E/I 
balance in local cortical circuits make dissociable predictions for the 
patterns of variability and covariability in the cortical BOLD signals 
that can be tested in patients with schizophrenia.

FuTurE challENGES

Integration across levels of analysis

This chapter describes how computational psychiatry has offered a 
method to bridge levels of analysis, from local neuronal circuits, to 
large-scale neural systems and ultimately psychiatric symptoms. The 
challenge that still faces this rapidly growing field is how to provide 
a formal bridge between these levels of inquiry for most psychiatric 
symptoms. We highlighted example cases where such progress has 
occurred—namely in the context of working memory and fear condi-
tioning. In such cases, computational psychiatry has begun to estab-
lish a formalism for how to link local circuits to large-scale neuronal 
dynamics and expression of behavior. However, the current models 
in this area of computational psychiatry are still simplistic in their 
repertoire of behavior and are designed to capture very limited range 
of experimental contexts.

To accurately capture more complex cognitive and affective 
behaviors, models must incorporate multiple interacting brain areas 
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possessing various distributed and modular computations. In this 
area, biophysically based modeling will be informed by connection-
ist-style models that are more abstract and removed from biophysi-
cal detail, but that can be readily applied to modeling psychological 
processes and interactions among distributed neural systems. Simi-
larly, a highly related challenge facing computational psychiatry is 
to provide a formal extension of biophysically based modeling to 
large-scale distributed brain networks, beyond the microcircuit level, 
as this level of analysis offers the potential for the development of 
disease-related biomarkers. For instance, a key extension of such 
models would be to capture, in a biophysically realistic way, the 
large-scale thalamocortical functional loops that may play a criti-
cal role across a range of psychiatric disorders. The next generation 
of computational psychiatry studies will be vital to formalize these 
bridges across levels of analysis.

computational Phenotyping

It is appreciated by both researchers and clinicians that individu-
als’ psychiatric symptoms present with substantial heterogeneity, 
which cuts both within and across diagnostic categories. This con-
ceptual problem is captured in the case of existing tension between 
category-based DSM-style diagnostic rubrics and the dimensional 
RDoC framework. Instead of making an a priori decision regarding 
which framework may be better for a given psychiatric symptom or 
syndrome, we posit that perhaps there should be a parallel move-
ment toward “precision psychiatry.” Simply put, it may be possible 
to harness advances in computational psychiatry to generate individ-
ual-level inferences regarding the type of underlying computational 
mechanisms that are governing the observed patterns of neuroimag-
ing effects or behavioral symptoms.

The current state-of-the-art in this area of research focuses on 
group effects. That is, the majority of work that has emerged in com-
putational psychiatry has focused on explaining group-level effects 
across a given diagnosis. We argue that one highly promising future 
application of computational psychiatry may be to provide individ-
ual-level computational phenotyping based on mechanistic models. 
Such level of precision may possibly provide a method to manage the 
massive clinical heterogeneity that exists both within and across our 
current clinical rubrics in psychiatry. Ultimately, mapping such clini-
cal heterogeneity onto underlying computational mechanisms will be 
vital to develop better mechanistically informed treatments.

In computational phenotyping, the parameters of a model are 
fit to best capture the empirical data for a single subject. Computa-
tional phenotyping could take advantage of a range of empirical data 
and modeling approaches. For instance, a RL model could be fit to 
a subject’s decision-making behavioral data. Similarly, a biophysi-
cally based network model could be fit to a subject’s resting-state 
neuroimaging data. The promise of this approach is that these model 
parameters may have diagnostic value, potentially leading to more 
predictive biomarkers. These model parameters may allow effective 
classification according to diagnostic criteria, and may reveal clini-
cally relevant clusters or dimensions within a diagnostic category, 
or be predictive of a patient’s response to treatment. Longitudinal 
studies will be needed to validate the diagnostic potential of compu-
tational phenotyping.

Modeling Treatments

Finally, of utmost relevance to psychiatry, computational modeling 
has the potential to provide a method for simulating possible effects 

of treatments (or compensations) that can occur across the described 
levels of analysis. For instance, some modeling efforts have already 
begun to generate predictions for how compensations onto NMDAR 
or GABAR synapses in local circuits can impact cortical disinhibi-
tion that adversely affects working memory computations. However, 
this area of research is at present underdeveloped and has future 
potential for guiding intuition in cases where complex neural dynam-
ics are involved.

Here further development and refinement of biophysically based 
models have particular advantages. Given the relevant cellular detail, 
such models can actually generate both biomarker and behavioral 
predictions of disruptions on specific synaptic sites. Such level of 
detail may be out of reach in cases that are not informed by ani-
mal models. Nevertheless, this is precisely the point of cutting-edge 
interplay between future research in computational psychiatry and 
clinical neuroscience. We posit that future studies in this area hold 
the exciting promise of rationally guiding treatment development in 
psychiatry, grounded in basic neuroscience.

SuGGESTEd croSS-rEFErENcES

For additional information see Chapter 1.1 and 1.2 on neuroanatomy 
and neural development, and also 1.27, functional brain connectivity, 
and 5.2 statistics and experimental design.
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