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The predictive brain in psychiatry

Abstract

Research in clinical neuroscience is founded on the idea that a better understanding of brain
(dys)function will improve our ability to diagnose and treat neurological and psychiatric disorders. In
recent years, neuroscience has converged on the notion that the brain is a ‘prediction machine’—in that
it actively predicts the sensory input that it will receive if one or another course of action is chosen.
These predictions are used to select actions that will (most often, and in the long-run) maintain the body
within the narrow range of physiological states consistent with survival. This insight has given rise to an
area of clinical computational neuroscience research that focuses on characterizing neural circuit
architectures that can accomplish these predictive functions, and on how the associated processes may
break down or become aberrant within clinical conditions. Here, we provide a brief review of examples
of recent work on the application of predictive processing models of brain function to study clinical
(psychiatric) disorders, with the aim of highlighting current directions and their potential clinical utility.
We offer examples of recent conceptual models, formal mathematical models, and applications of such
models in empirical research in clinical populations, with a focus on making this material accessible to
clinicians without expertise in computational neuroscience. In doing so, we aim to highlight the potential
insights and opportunities that understanding the brain as a prediction machine may offer to clinical

research and practice.

Keywords: Computational Neuroscience; Computational Psychiatry; Predictive Coding; Active Inference;
Emotion
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Introduction

Research in clinical neuroscience is founded on the premise that better understanding brain function —
and by extension, dysfunction — will improve our ability to diagnose and treat disorders of the mind and
brain. As the field has moved forward, it has become increasingly clear that, to understand the brain, it
must first be characterized at multiple spatiotemporal scales and levels of description. We then have to
understand how dynamics at each scale or level of description relate to (or emerge from) the dynamics
of others. At one end of the spectrum, a large body of work has emerged over the last century on the
micro-scale cellular and molecular functions of neurons and supporting brain cells; at the other, the last
few decades have produced a growing body of work on large-scale human brain function using
neuroimaging methods, which has uncovered regularities in the relationship between macro-scale
regional brain activity and complex psychological processes. However, to fully link micro- and macro-
scale functioning, and biological and psychological levels of description, it is widely recognized that we
need to develop a better understanding of functional architectures at the intermediate meso-scale (see

Figure 1).

The meso-scale corresponds to circuits of interconnected neurons with particular patterns of
connectivity that allow for specific types of information processing or computation. For instance, one
pattern of neural circuit connections may allow the brain to infer what objects are most likely giving rise
to its current retinal input, whereas other patterns of connections may solve the problem of
determining which action is more likely to generate preferred outcomes (1-3). Thus, meso-scale circuits
afford a computational level of description, which offers a bridge between biology and psychology by

allowing researchers to characterize how neural circuit dynamics produce psychological operations like
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object recognition and decision-making (3-7). Unfortunately, the meso-scale is currently the most
difficult to study directly with current neuroscience methods. However, a more recent body of work in
computational neuroscience — and its clinically focused sister discipline of computational psychiatry —

has emerged over the last several years to better address this problem (8-10).

The unique advantages offered by computational neuroscience and psychiatry follow from a specific
type of mathematical modeling. This approach first identifies a problem that the brain can (or must)
solve, such as object recognition or decision-making, and then works backward to identify the requisite
computations — or algorithms — that the brain could use to solve this problem. Although many
mathematical solutions may exist, only a subset will be biologically plausible — that is, only some
algorithms could be plausibly accomplished by connecting neurons together in particular patterns. Once
a set of biologically plausible algorithms has been identified, each algorithm in turn entails one or more
testable hypotheses about how the meso-scale function and structure of a particular brain region (or
connected set of regions) could implement that algorithm. Different algorithms and implementations
typically have different costs and benefits, and, as such, they often make distinct predictions about the
patterns of brain activity and behavior that should be observed under specific conditions. Such
predictions can then be tested experimentally to provide evidence for one algorithm versus another
and, in some cases, evidence for one neural implementation (meso-scale circuit structure) over another.
Therefore, the two primary advantages of computational neuroscience include: 1) building
mathematical models that allow researchers to simulate neurocomputational processes — to confirm
how the brain could solve a particular problem; and 2) making empirical predictions for testing which

neurocomputational processes the brain in fact does use to solve that problem.
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There are many algorithms currently used for research in this field. In this article, we focus on a family of
biologically plausible algorithms that have emerged from the idea that brain processes are predictive.
That is, they share the idea that the brain is a type of ‘prediction machine’, which allows it to solve
difficult problems in perception, decision-making, and skeletomotor/visceromotor control in an
approximately optimal manner. In perception, one widely studied algorithm of this kind is ‘predictive
coding’, which rests on the idea that a perceptual system continually predicts what it should observe
next if its current perceptual beliefs are correct (5, 6, 11). Perceptual beliefs are then updated when
sensory input differs from predicted input. In predictive coding, this difference affords the calculation of
a ‘prediction error’, which can be used to guide belief updating and find the minimal change in
perceptual beliefs necessary to minimize that error signal. Technically, this is called Bayesian belief
updating or inference. This process can also be iterated hierarchically, so that higher brain circuits
continuously update beliefs about what is represented in lower hierarchical levels that are closer to the
sensory periphery — allowing different levels of abstraction (e.g., a belief that a white/round percept
corresponds to a baseball; (1)). Different predictions and prediction errors can also be considered more
or less reliable (e.g., visual prediction errors may be more reliable during the day vs. at night). As such, in
predictive coding models the brain can also maintain (and update) estimates about the reliability
(inverse variance or ‘precision’) of its various predictions and prediction errors — which modulate how
easy or hard it is to change current beliefs when challenged by strong prediction errors (i.e., increasing

or decreasing the ‘weight’ assigned to those prediction errors).

To give the reader a sense of the dynamics of predictive coding models, and how they might be applied

to solve a clinically relevant psychological task, a very simple, 4-neuron network, and simulated neuronal
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activity, is shown in Figure 2A-E. The details of the example are described in the figure legend; but, in
short, the figure illustrates the simulated neuronal dynamics through which prediction error is
minimized to arrive at an estimate or ‘best guess’ about whether a person is hostile or friendly. This is
based on 1) the perceived curvature of their lips (e.g., flat curvature, most consistent with a neutral
facial expression) and 2) prior expectations (i.e., initial predictions about friendliness prior to seeing the
facial expression). The simulations show how prior expectations can bias perception to favor a ‘hostile’

interpretation, and how different relative precision-weightings can amplify or attenuate this effect.

Formally, and under certain simplifying assumptions, minimizing prediction error is equivalent to the
minimization of a statistical quantity called variational free energy, which is often used to solve
optimization problems in machine learning (12). In this context, free energy is a computationally
tractable measure of the evidence that sensory input provides for the brain’s internal (generative)
model of the world, such that minimizing free energy maximizes model evidence. Free energy is
simultaneously a measure of complexity minus accuracy. This means that, when the brain updates
beliefs by minimizing (precision-weighted) prediction errors (i.e., minimizing free energy), it does so by
finding the simplest (i.e., least complex), most parsimonious change in beliefs to account for new

observations.

In decision-making and action selection, a related class of biologically plausible algorithms comes from
the ‘active inference’ framework (1, 13-15). Active inference models go a step beyond predictive coding
to emphasize that the brain does not simply predict sensory input passively. Instead, it predicts what it

will observe if it chooses to act in one way or another (16). From this perspective, decision-making
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involves predicting the outcomes one would observe if each of several actions (or action sequences,
called ‘policies’) were chosen, and then selecting the actions expected to produce the observations that
are most preferred and/or that will provide the most information. Upon reflection, this is quite intuitive.
For example, if | am hungry, then | am less likely to stay still and more likely to go and find food—
precisely because being hungry is inconsistent with my preferences and | expect eating food will
produce my more preferred feelings of satiety. However, if | am not confident where to find the closest
source of food, | will first choose actions to gather information — such as checking in the fridge before

deciding to go to the store.

In active inference, preferences are formally modelled as a particular type of prior expectation (over
sensory observations or ‘outcomes’; often called ‘prior preferences’), which means that non-preferred
outcomes are ‘surprising’ in a technical sense (i.e., they deviate from those prior preferences). During
decision-making, this type of expected ‘surprise’ (given one choice vs. another) is associated with what
might be thought of as an expected ‘preference prediction error’ (i.e., the expected difference
[technically the Kullback-Leibler divergence] between preferred outcomes and the outcomes expected if
one were to choose a particular course of action — a quantity also sometimes referred to as ‘risk’).
Preferred outcomes are then achieved by choosing actions expected to minimize this type of prediction
error. However, it is important to distinguish this preference-based notion of ‘surprise’ and prediction
error from other constructs. First, prediction error is not equivalent to a conscious feeling of surprise or
the conscious belief that something is surprising. Conscious feelings and beliefs are higher-level states
that must themselves be inferred (17-19). By contrast, in active inference (and in predictive coding) the

terms ‘belief’ and ‘surprise’ are technical terms that refer to probabilistic representations encoded by
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neuronal activity (and connectivity) in meso-scale neural circuitry (e.g., canonical microcircuits; (5)).
These neurocomputational processes occur at a sub-personal level outside of conscious awareness and
therefore need not lead to conscious feelings of surprise. Second, ‘preference’ prediction errors (also
sometimes called ‘outcome prediction errors’ in the active inference literature; e.g., see Figure 2 within
(19)) are not the same as the ‘state’ prediction errors discussed above in relation to predictive coding.
There are also state prediction errors in active inference (see Figure 2F), which — as in predictive coding
—occur when model beliefs (about one’s current state or situation) are updated with an unexpected
new observation. In other words, state prediction errors drive belief updating about states of the world
that are encountered, while preference prediction errors pertain to the (non)preferred outcomes
expected if one chose different actions. In this sense, it is possible to be ‘surprised’ by an unanticipated
outcome given one’s prior beliefs about states (i.e., large state prediction error), while yet anticipating a
preferred outcome (i.e., small expected preference prediction errors). This speaks to the difference
between posterior beliefs about one's course of action (that are informed by state prediction errors)
and prior beliefs before experiencing the consequences of action (that are informed by expected

preference prediction errors).

Similar to state prediction errors in predictive coding, minimizing expected preference prediction error
also corresponds to minimizing free energy—but in this case it is the free energy associated with the
future outcomes that are expected under different actions (i.e., expected free energy). As with
predictive coding, active inference comes equipped with a neural process theory that allows one to
simulate patterns of neural activity that can be tested empirically (1, 14, 15, 20, 21). An example neural

network implementation based on this process theory is depicted in Figure 2F. Although the neural
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network architecture in this case differs somewhat from the simpler predictive coding example in Figure
2A-E, similar prediction-error minimizing dynamics emerge (example simulations using this architecture
are shown in relation to a formal model of emotion in Figure 3 below). In most cases, minimizing
(expected) free energy in these theories is expected (on average, and in the long-run) to keep an
organism within the narrow range of physiological and environmental states consistent with its survival
(i.e., preferred states; (22)). However, it is important to highlight that organisms also plausibly inherit
evolutionarily selected, adaptive prior expectations (including preferences), which can favor genetic
propagation over individual survival (e.g., risky reproductive behavior or self-sacrifice for genetic

relatives; (23)).

Similar to predictive coding, probabilistic beliefs in active inference models also have precisions that
influence belief updating. However, in addition to the precision of sensory prediction errors and prior
beliefs about states, there are a number of other variables that have precisions in active inference. For
example, prior preferences can have different precisions, which can affect the degree to which behavior
is driven by seeking reward vs. seeking information to resolve uncertainty. Beliefs about the probability
(i.e., value) of different available sequences of actions (‘policies’) can also have different precisions,
which can affect how strongly decision making is controlled by habits vs. explicit planning. Beliefs about
distant future states can also be more or less precise (e.g., more or less confidence in predicting the way
one’s life will be in 6 months if choosing one or another course of action now), which can influence
whether someone focuses more on short-term vs. long-term consequences when making decisions.
More generally, because precision formally refers to the inverse dispersion (i.e., entropy) of a probability

distribution, every belief has the attribute of precision. In predictive coding schemes these probabilistic
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beliefs are over continuous variables (e.g., brightness, loudness) and precision corresponds to the
inverse variance of those (typically Gaussian) distributions. In contrast, because decisions are categorical
(i.e., a person can only choose one discrete option out of several available options), probabilistic beliefs
in active inference models are over categorical (discrete) variables. In this case, precision can
correspond to what are called ‘inverse temperature’ parameters that influence the shape of discrete
probability distributions. For example, the beliefs (probabilities) over policies mentioned above are
controlled by an ‘expected precision’ parameter of this type. Physiologically, these types of precisions
can be associated with lateral inhibition and excitation-inhibition balance, whereas in predictive coding

schemes precision can be associated with postsynaptic gain or excitability.

Although considerable progress has been made in building and testing computational models of simple
problems in perception, cognition, and action selection; applications of predictive coding and active
inference (as well as other related Bayesian) models to more complex clinical phenomena have thus far
been limited. In this domain, the fields of clinical computational neuroscience and computational
psychiatry are still largely at the stage of building viable conceptual models—and identifying or
simulating associated mathematical models of complex clinical phenomena. Thorough empirical tests of
these models are largely outstanding, although emerging empirical work (discussed below) appears

promising.

lllustrative examples

In what follows, we offer a number of illustrative examples of conceptual and formal mathematical

models in computational neuroscience and psychiatry — with the aim of 1) illustrating potential empirical
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applications, and 2) conveying the methodological resources available that can be applied to other
cases. We then describe examples of recent empirical work that has applied such models to clinical
guestions. These examples should not be seen as an exhaustive treatment of extant literature—they just
exemplify ways in which understanding the brain as a ‘prediction machine’ can be used in psychiatry. It
should also be noted that we do not address other areas of research in computational psychiatry, e.g.,
reinforcement learning. The primary focus of reinforcement learning is to account for choice behavior in
terms of rewards. This area of research has been fruitful, but it has focused less on modelling the
prediction-based meso-scale brain processes we consider here (i.e., with some notable exceptions
related to dopamine and reward prediction error signals, and their interactions with corticostriatal

circuits; e.g., see (7, 24, 25)).

Conceptual models

There is a growing body of theoretical work that affords potential clinical insights and new hypotheses
for psychiatric disorders. This work takes the general approach of synthesizing previous empirical
findings and proposing ways in which computational concepts could help unify such findings under a
single parsimonious theory. We consider these contributions to be ‘conceptual’ because, although they
gualitatively describe ways in which the predictive neurocomputational dynamics illustrated in Figure 2
may shed light on clinical phenomena, they do not offer quantitative mathematical models that afford

precise simulations of proposed mechanisms.

As one prominent example, depression has been the topic of a number of computational proposals. One

recent model pertains to a proposed computational basis for mood (26). The central idea here is that
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neural systems not only maintain estimates in the confidence or precision of their prior beliefs about
outcomes, but also estimates of confidence in their beliefs about that precision (i.e., the degree to
which the unknowns are known). For example, if an individual expects uncertain, unpredictable
outcomes (low precision beliefs), but makes those predictions confidently (high confidence in high
uncertainty), this will result in a chronic, self-maintaining negative emotional state that, in extreme
cases, becomes resistant to change (as in depressive disorders). Neurobiologically, the set-points of
neuromodulatory mechanisms are suggested to encode these—statistically higher order—confidence
estimates, potentially accounting for the neuromodulatory abnormalities observed in depression (and
the mechanisms of antidepressant drugs in targeting neuromodulatory systems; (27, 28)). In neural
process theories (Figure 2), these neuromodulators would have the effect of dynamically tuning the
strengths of synapses that encode various types of precisions (e.g., the estimated reliability of sensory

signals, prior expectations, expected action outcomes, etc.).

This model represents a nice example of how (sub-personal) beliefs, computations, and meso-scale
neuronal processes can be understood in terms of each other. That is, the precision corresponds to the
statistical certainty of a probabilistic representation, where this certainty is encoded by the patterns of
synaptic efficacy or gain (and resulting excitability) within a neuronal population (see (3, 15)). The
required computation is then to optimize this encoding of uncertainty, by adjusting synaptic connection
strengths through neuromodulatory mechanisms (e.g., serotonergic, or dopaminergic
neurotransmission). In this setting, ‘optimization’ means that neuronal dynamics will converge onto an
internal estimate (a ‘best guess’ based on past experience) that minimizes free energy. In the case of

psychopathology, early adversity (and perhaps genetic/epigenetic vulnerability factors) could lead an
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individual to converge onto poor or otherwise maladaptive estimates of uncertainty, as suggested by

the model described above.

Another predictive processing perspective has been offered by Barrett and colleagues (29), who focus
on the role of interoceptive predictive processing and the ways in which interoceptive predictions
become dysfunctional and result in a depressive phenotype. They propose that depression is due to one
or more of the following: 1) an internal model that is inefficient at managing energy regulation (e.g., due
to overly precise expectations for large metabolic demand), 2) imprecise interoceptive signals from the
body, creating difficulty in effective allostasis (i.e., difficulty adaptively generating anticipatory changes
in visceral states due to expected future demands), and 3) maladaptive internal estimates of the
precision of afferent interoceptive signals (e.g., due to neuromodulatory system dysfunction). Each of
these potential breakdowns would render the brain insensitive to updating its beliefs about the body,
and lead to difficulty keeping the body within homeostatic ranges (i.e., ‘preferred states’ within active
inference models). Under the assumption (put forward by the authors) that pleasant/unpleasant
feelings convey interoceptive information about the moment-to-moment energy conditions (i.e.,
immunological, inflammatory, and physiological states) of the body, this could produce pervasive
negative affect (and sickness behaviors that reduce energy expenditure and promote fatigue), and lead
to several motivational and neurovegetative symptoms of depression. In previous work, these authors
have also proposed an explicit meso-scale scheme in which cortical columns within agranular cortical
regions within the insula and anterior cingulate convey interoceptive prediction signals, while granular

cortical regions (e.g., posterior insula) generate interoceptive prediction error signals that update beliefs
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about the energy conditions of the body (30) — offering additional predictions that could be tested

empirically in future neuroimaging work.

A further conceptual model of depression has been proposed by Badcock and colleagues (31), which
highlights how computational processes can interact with the various psychosocial processes that are
implicated in depression. They propose an evolutionary systems theory of depressive mood states,
which combines active inference with insights—drawn from psychology, psychiatry, and neuroscience—
on the role of social contexts in depressive phenomena. Under this model, normative levels of
depressed mood can reflect an adaptive, risk-averse strategy that reduces uncertainty in interpersonal
contexts when sensory cues evince an increased likelihood of unexpected or negative social outcomes
(e.g., rejection or loss). The depressive response thus functions as a ‘better safe than sorry’ strategy that
minimizes interpersonal interactions with unpredictable or non-preferred expected outcomes. It
achieves this function by inducing changes in perception (e.g., a heightened sensitivity to social
information); suppressing confident reward-approach behaviors (e.g., anhedonia); and generating
signaling behaviors that either garner support (e.g., reassurance seeking) or defuse conflict (e.g.,
submissive behaviors). The authors suggest that, neurobiologically, depressed mood states are
characterized by an increase in the precision of (bottom-up) social prediction errors (i.e., prediction
errors conveyed to neurons encoding social information), which facilitates perceptual inference and
learning about the social world by increasing the influence of ascending prediction errors on belief
updating. This idea is consistent with the active inference literature on emotion, which suggests that
negatively valenced states increase the learning rate of the causes of sensory stimuli by increasing the

precision of incoming prediction errors (see (32)). In depression, these amplified prediction errors are
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postulated to be selective to interpretations of social stimuli, which most plausibly occur at higher levels
in a hierarchical model (e.g., dorsomedial prefrontal cortices; (33-37)). This increase in precision
amplifies an individual’s sensitivity or attention to interpersonal cues, while suppressing confidence in
(top-down) social predictions (and thus confidence in associated social behaviors). Symptomatically, the
authors suggest that this would produce a suspension of goal-directed behavior (e.g., anhedonia and
social withdrawal), rumination about negative self-other relations, and an attentional bias toward
(aversive) interpersonal cues during social inference. Here, it is especially important to stress the role of
attention. In this instance, attention can be construed as affording precision to neuronal signals
conveying various Bayesian beliefs or prediction errors (38-43); such that they have greater influence on
belief updating than other levels of the cortical hierarchy. This fits comfortably with the role of

neuromodulators in mediating attentional gain at the synaptic level (3).

In most circumstances, the suggestion is that the depressive response functions adaptively by attracting
interpersonal support and reducing social uncertainty, through both risk-averse interpersonal behaviors
and faster belief updating in the presence of unexpected outcomes. However, psychopathology can
emerge when there are ongoing discrepancies between actual and preferred social outcomes over time
(i.e., chronic preference prediction errors). Given the increased precision-weighting assigned to social
prediction errors, such chronic social stress can in turn engender precise higher-order expectations that
social rewards are unlikely (e.g., pessimism, low self-worth), which perpetuate risk-averse depressive
behaviors (e.g., social withdrawal) and ultimately lead to disorder (e.g., learned helplessness); also see
(44, 45)). As we discuss below, these depressive beliefs can become increasingly entrenched and self-

maintaining, producing overly precise prior expectations about aversive (social) outcomes that are
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resistant to change. In other words, depressive disorders can be described as a maladaptive pattern of
dysregulated defenses: when depressive changes fail to resolve social stress, the individual is at risk of
entering a self-perpetuating, dysregulated state, leading to chronic illness behaviors that fail to respond
to any improvements in the social domain. Vulnerability to psychopathology is facilitated by early
exposure to social stress (e.g., parental abuse or neglect), which promotes prior beliefs that social
outcomes are uncontrollable and heightens the sensitivity of stress response systems to interpersonal
stressors (e.g., inflammatory immune responses; see (46)). Notably, the model described here also lends
itself to empirical scrutiny. For example, a simple way to test this hypothesis would be to use
neuroimaging or electrophysiological methods that capture prediction error suppression (e.g., trial-by-
trial fluctuations in P300 amplitudes) in depressed versus non-depressed participants when presented
with unpredictable social stimuli. The model also has implications for prevention and intervention
efforts by underscoring the importance of strategies that aim to improve social environments or resolve

interpersonal stress (e.g., interpersonal psychotherapy).

Note that these are simply illustrative examples of recent conceptual models. As we touched upon
above, other authors have proposed that depression is maintained by overly precise prior expectations
for depressive schemas, such as strong expectations for one’s own worthlessness or that the world is
uncontrollable (47). The suggestion here is that these prior expectations bias attention to schema-
consistent information and also bias the interpretation of sensory input in a schema-consistent manner.
This can then drive chronic stress, heightened inflammation, and avoidance behaviors, each of which
furnish future observations that selectively support and maintain depressive schemas in a vicious

positive feedback loop (also see (45)). Further examples include recent conceptual models of autism (48-
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50) and schizophrenia (51, 52). In autism it is suggested that, from childhood, low-level sensory
prediction errors are over-weighted generally, leading to 1) repetitive behaviors that reduce low-level
prediction error, and 2) a reduced ability to learn abstract and complex regularities in higher levels of a
hierarchical model (i.e., because all prediction-errors are inappropriately suppressed before reaching
these higher levels). As social regularities are among the most complex to learn, social cognition thus
remains poorly developed. Interestingly, accounts of schizophrenia suggest that a similar phenomenon
occurs, in which low-level prediction errors in some modalities are over-weighted, but with adult onset.
This then leads the brain to treat random aspects of sensory observations as ‘suspicious coincidences’ in
need of explanation, driving the development of overly complex models of the world with stranger and
stranger (delusional) beliefs over time. For example, when proprioceptive prediction errors (that carry
information about bodily movement) are over-weighted, this can lead to delusions about agency (e.g.,
that unexplained proprioceptive prediction errors indicate that one’s body is being controlled by
others). In contrast, it appears that auditory prediction errors are under-weighted in psychosis, creating
increased vulnerability to auditory illusions. Although further conceptual models have been proposed
for other clinical phenomena, the proposals on depression covered in detail here are representative of

the general explanatory strategies used in other cases.

Formal models

Moving beyond conceptual proposals, a few formal (i.e., quantitative mathematical) predictive
processing models have also been presented for a range of clinical phenomena; unlike conceptual

models, these formal models afford explicit simulations of proposed neurocomputational mechanisms.
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In the case of depression, for example, Stephan et al. (53) presented a mathematical model to capture
homeostatic and allostatic regulation of visceral states, and how metacognitive estimates of the efficacy
of allostasis could promote a depression-like state of fatigue. In their proposal, homeostatic set points
are modeled as fixed probability distributions specifying predicted ranges (means and variances) of a
given physiological variable (e.g., blood glucose levels, blood osmolality levels, circulating hormone or
inflammatory cytokine levels, etc.); deviations from homeostatic ranges lead to the generation of
predictions errors (with respect to those set points), which can then be minimized through closed-loop
control processes in an interoceptive reflex arc (i.e., this is analogous to minimizing ‘preference
prediction errors’ in active inference models, where homeostatic set points represent preferred states).
Allostasis involves forecasting future deviations from homeostasis and adjusting physiological variables
in advance to prevent these deviations. In their model, the prior expectations for homeostatic ranges
can be dynamically adjusted by higher-level predictions. For example, if a cue indicated that blood
glucose levels were about to drop, the predicted mean of the distribution could be temporarily shifted
upward—so that blood glucose levels would elevate before the anticipated drop, allowing them to
always remain within acceptable values. Alternatively, if a cue indicated that blood glucose levels were
about to change in an unexpected direction, the predicted precision of the distribution could be
tightened, endowing prediction errors with a greater influence on belief updating—and a faster return
to homeostatic ranges. They then discuss how, if attempts at allostasis repeatedly fail, sustained
dyshomeostasis could lead to higher-level inferences favoring states of subjective fatigue associated
with depression. Specifically, they suggest that such states of depressive fatigue, and associated sickness

behaviors, could emerge as strategies for dealing with conditions in which the brain continuously
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predicts that allostatic regulation will be ineffective. (To be clear, we use blood glucose levels here only
as an example physiological variable for illustration. The authors focus on dyshomeostasis generally —

consistent with the conceptual proposals regarding metabolic regulation in depression reviewed above.)

Crucially, the quantitative prediction and prediction-error dynamics that can be simulated using this
model speak to the possibility of testing which regions of the brain show patterns of activity consistent
with those simulated dynamics, and whether this differs in healthy vs. depressed individuals. The
authors hypothesize that a number of subcortical and cortical regions (e.g., brainstem, amygdala, insula,
anterior cingulate) may implement different levels of homeostatic and allostatic control, and that dorsal
prefrontal regions may be involved in estimating allostatic efficacy. Testing these predictions will be an

important direction for future empirical work.

As a further, more in-depth example of recent formal modelling, another series of papers has presented
a formal active inference model of emotional state inference and emotional awareness (depicted in
Figure 3), and used this model to simulate clinical phenomena arising from poor early learning and
biased attentional mechanisms (19, 54); also see (18). This modelling effort aimed to explain the
common clinical observation that some individuals appear to have low awareness of their own emotions
and can misinfer that emotion-related sensations are signs of medical illness (55-57); it is also inspired
by the observation that psychotherapeutic interventions that aim to improve emotional awareness have
shown efficacy (58, 59). To simulate these phenomena, the model included examples of distinct internal
states that could be inferred, including emotional state categories (sadness, panic) and somatic state

categories (sickness, heart attack). The simulated decision-making ‘agent’ began with prior expectations
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about its own internal state, and these expectation were then updated (i.e., a new internal state was
inferred) based on examples of relevant lower-level beliefs about current experience, including: valence
(in this case, neutral/negative), arousal (high/low), motivation (approach/avoid), and an interpretation
of the current situation (neutral, socially threatening, or physically threatening; e.g., as in cases where
one is ignored at a party, in a crowded space, or feeling chest pain, etc.). To allow for biases in attention,
the agent could not access all of this lower-level information at the same time. It instead had to
selectively attend to one or more of these pieces of information sequentially (e.g., choose to attend to
valence, then arousal, etc.) until it became confident in its internal state. At this point it would choose to
self-report its internal state beliefs (e.g., whether it was experiencing sadness, panic, sickness, or a heart
attack, or if it simply felt neutral, bad, or good). After making a report, the agent also received ‘social
feedback’ that was either positive (if its report was ‘correct”’; e.g., matched cultural expectation) or
negative (if it was incorrect). Positive social feedback was preferred. Thus, on each ‘trial’, the agent was
presented with a newly generated ‘affective response’ (i.e., a pattern of valence, arousal, and
motivation in a perceived context), and chose what to attend to and report in hopes of receiving the
preferred positive feedback (i.e., to minimize preference prediction error). Each affective response
pattern was generated by a ‘true model’, which held the different (probabilistic) patterns of lower-level
information most consistent with each possible emotional/somatic state (e.g., ‘sadness’ best matched a
pattern of negative valence, low arousal, and avoidance motivation in the context of social threat [such

as being socially rejected]).

Aside from this inference process, a variant of the model also implemented emotion concept learning.

Specifically, the simulated agent could learn emotion categories (e.g., sadness, fear, anger, and
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happiness) that predicted different patterns in experience through the social feedback mentioned above
(e.g., as in early development, when caregivers mirror and label a child’s reactions with emotion terms
(60-62)). Mathematically, this learning process (i.e., a type of concept acquisition) was implemented
through learning probability distributions, via a coincidence detection mechanism resembling Hebbian
synaptic plasticity (14, 63, 64). This learning mechanism estimates how often different internally
represented states (e.g., sadness) are expected to generate particular thoughts, feelings, and sensations
(e.g., unpleasant feelings, high arousal sensations, and avoidance drives while perceiving a predator).
The formal basis of this learning mechanism can be intuitively thought of as simply counting
coincidences between states and observations — that is, increasing the expected probability (i.e.,
synaptic connection strength) of a particular observation, given a particular state, each time one makes
that observation when (they believe) they are in that state — similar to long-term potentiation (LTP) and
long-term depression (LTD) types of synaptic learning mechanisms widely studied in cellular/molecular

neuroscience (14, 64).

These simulations are based on the ‘three-process model’ of emotional awareness (57, 65-70), and
supporting evidence (56, 71-79), which emphasizes that the mechanisms that generate affective
responses can be separated from the processes that infer the meaning of those responses. It is also
based on elements of ‘constructivist’ theories that stress the culture- and context-specific nature of
emotion conceptualization processes (80). Based on the evidence supporting these perspectives, the
broad theoretical assumptions of the simulations are that individuals generate multimodal affective
responses in a flexible (i.e., domain-general) and context-sensitive manner, based on the predicted

metabolic, cognitive, and behavioral demands of a perceived (or remembered/imagined) situation.
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These predicted demands are in turn based on a fast, largely unconscious evaluation of that situation
(e.g., concerning whether it is safe/threatening, goal-congruent/incongruent, consistent/inconsistent
with norms/values, among other dimensions) and available actions. Generated responses include the
types of changes in motivation, physiological arousal levels, and felt valence mentioned above. Once
these bodily sensations and drives have been generated and perceived, an individual must infer their
meaning. Crucially, because mappings between emotion concepts and response patterns are learned
(within a culture and with context-specificity) and probabilistic (e.g., sadness may typically be low-
arousal but could be high-arousal), recognizing emotions can be a difficult inference problem — that can

sometimes lead to poor understanding and awareness of one’s own emotions and their causes.

Note that we have therefore moved from Bayesian beliefs to a computational description of feelings and
emotions; namely, Bayesian beliefs that provide the best explanation for both exteroceptive and
interoceptive signals. For example, a belief such as ‘Il am anxious’ provides the most parsimonious
account of perceived threat and autonomic arousal—that is itself influenced (in part) by the predictions
ensuing from an expectation that one will feel anxious. This may sound rather abstract; however, this
kind of belief updating is now possible to simulate in a neurobiologically plausible way and can, in
principle, be used to produce symptoms of emotional pathology in silico. For example, the top right
portion of Figure 3 depicts simulated neuronal firing rates and local field potentials during this
emotional state inference process, based on the neural process theory depicted in the right portion of
Figure 2. Empirically, one can then take these meso-scale simulations and use neuroimaging (or other
neuroscience methods) to identify which brain regions most plausibly implement those meso-scale

computations (e.g., by finding brain regions that show the predicted patterns of activity in simulations).
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Simulations in this model illustrated at least 7 different mechanisms that could promote low emotional
awareness. Because emotional awareness (i.e., the ability to recognize and understand one’s own
emotions) plays a key role in many psychiatric disorders (55, 57), and may act as either a vulnerability or
maintenance factor, understanding such mechanisms could represent an important step in being able to
identify which mechanisms are operative in different individuals and how they might be targeted on an
individual basis within therapy. For instance, one mechanism involved having overly precise prior
expectations for somatic threats, which led the simulated agent to somatize (i.e., mistake sadness-
related sensations as signs of sickness or mistake panic-related sensations as signs of a heart attack; e.g.,
as in high anxiety sensitivity (81)). In another example, if the agent’s emotion concepts made highly
imprecise predictions (e.g., as in poor emotion concept acquisition due to social neglect in childhood;
(82, 83)), it remained unconfident and only reported feeling good or bad (i.e., it was unable to

differentiate different types of unpleasant emotions; for clinical relevance, see (84, 85)).

A third mechanism involved selective attention biases, which led the agent to selectively ignore either
bodily signals or contextual cues (i.e., where such attention biases could have been reinforced in
childhood and prevented emotion concept learning; e.g., hypervigilant external attention, due to
consistently high levels of threat or environmental unpredictability (86, 87)). Importantly, these
mechanisms produced similar behavioral phenotypes (i.e., self-report patterns), but might be best
targeted by different psychotherapeutic interventions. For example, if low emotional awareness is due
to an individual’s emotion concept representations generating imprecise predictions, this would suggest
the need for psychoeducation interventions to help an individual mindfully attend to emotion and

develop more precise emotion concept knowledge (e.g., mindfulness-based or emotion-focused
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therapies; (88-90)). In contrast, if an individual instead has overly precise prior expectations for somatic
threats, interventions that focus on attenuating those strong expectations (e.g., exposure, cognitive
restructuring; (91)) may be more appropriate. Finally, the model also affords quantitative simulations of,
and makes distinct predictions about, the neural responses and reaction time differences that would be
observed if different mechanisms were involved. For example, faster reaction times (‘jumping to
conclusions’) are predicted with overly precise prior expectations (e.g., for somatic threats). As another
example, weaker neural responses to affective stimuli are predicted in individuals with less precise
emotion concept representations, due to weaker changes in beliefs about emotional states upon the
generation of a new affective response. Thus, these types of mathematical simulations afford important
predictions to be tested in future experimental work that could identify which brain regions implement

the meso-scale neurocomputational processes captured in these simulations.

We stress here again that these are simply illustrative examples of relevant simulation work in this area
and are not meant to be exhaustive. For example, other recent work in active inference has
mathematically simulated the factors that influence patients’ decisions to adhere to antidepressant
medications (92), and the neurocomputational mechanisms of change during cognitive and behavioral
therapies (93). Yet other studies have simulated predictive processing dynamics in neural network and
robot models and reproduced patterns of perception and behavior reminiscent of both schizophrenia
(94) and autism (95, 96). However, the detailed examples above — which have selectively focused on

depression and emotion — should offer the reader a foundational sense of current directions in this field.

Empirical studies
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Recent neuroimaging studies have begun to support the hypothesis that the brain engages in predictive
processing, both in perception and decision-making. As might be intuited by the foregoing theoretical
review, many of these studies rest upon the relationship between aberrant precision-weighting and the
consequent neuromodulation of brain responses—or connectivity: please see references in (97). These
studies have been largely conducted with healthy participants. For example, a few studies have required
participants to perform probabilistic perception and inference tasks, fit computational models to task
behavior (98), and then generated simulated sequences of precision-weighted prediction errors (99,
100). Using neuroimaging, these studies have found patterns of brain activation that closely match the
simulated pattern of prediction errors. The observed patterns of brain activation support the roles of
dopamine (midbrain activity) and acetylcholine (septum and basal forebrain) in encoding and precision-
weighting distinct types of prediction errors, associated with sensory predictions and uncertainty
estimates, respectively. Another study (20) has also fit decision behavior to an active inference model
and found evidence that activity within brain regions implicated in either sending or receiving
dopaminergic signals closely tracks the difference in expected free energy before and after a new
observation. This difference updates confidence estimates in the ability to select optimal actions (i.e.,
the expected certainty in achieving preferred outcomes), encoded by an ‘inverse temperature
parameter’ reflecting the expected precision of beliefs about the expected free energy of policies (i.e.,
possible sequences of actions). This parameter subsequently influences how goal-directed an
individual’s actions are; imprecise beliefs about policies (i.e., low expected precision) will give way to
more random or habit-driven behavior. Note, however, that this type of (policy-related) precision is

distinct from the types of precision discussed above in predictive coding, which instead correspond to
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beliefs about the reliability (inverse variance) of prior expectations and sensory prediction errors —and
modulate how strongly beliefs are updated by sensory prediction errors (i.e., based on those beliefs

about their reliability).

There are also some very recent predictive processing-based behavioral and neuroimaging studies in
psychiatric populations (101, 102), which have provided evidence, for example, of heightened prior
beliefs that the environment is unpredictable in schizophrenia patients and in those with high risk for
psychosis (associated with activation patterns within prefrontal and insula regions). While such
neuroimaging studies are quite limited, purely behavioral studies have also found support for
computational differences in patient populations. For example, one study asked individuals with and
without auditory hallucinations to indicate when they heard a tone each time a light was presented,
while (unbeknownst to participants) the probability of the tone being presented changed over time
(103). Computational modeling revealed that individuals with hallucinations overestimated the precision
of auditory predictions, leading them to report false auditory percepts more often than non-
hallucinators (for related work linking aberrant prior expectations and precision in psychosis, see (51,
104)). Interestingly, studies combining pupillometry and probabilistic learning tasks have shown a
distinct pattern in autism, where similar modeling methods suggest that the precision of sensory

predictions is under-weighted (48, 49, 105).

Lastly, a few recent studies have fit active inference models to data in transdiagnostic patient
populations from tasks involving exploratory decision-making, approach-avoidance conflict, and

interoceptive awareness. One study found lower learning rates for losses vs. wins, and lower precision in
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action selection, within individuals with substance use disorders relative to healthy controls (106),
suggesting a pattern in which actions that lead to negative outcomes fail to influence future decisions —
which could help explain continued substance use despite negative life consequences. A second study
found that, during approach-avoidance conflict, individuals with depression, anxiety, and/or substance
use disorders each showed evidence of lower expected policy precision (greater uncertainty in decision-
making; associated with the y term in Figure 2F) in comparison to healthy controls (107). However, the
clinical populations did not show heightened aversion to negative stimuli, suggesting that decision
uncertainty may represent a more promising target for intervention/treatment. Finally, an active
inference model of an interoceptive awareness task recently found evidence that individuals with
depression, anxiety, substance use, and/or eating disorders had lower interoceptive sensory precision
than healthy controls, but no difference in prior expectations (108). This finding was specific to an
interoception-enhancing breath-hold manipulation, suggesting a transdiagnostic inability to update
sensory precision estimates when there are changes in afferent signals from the body. This might help to
explain visceral dysregulation and poor emotional awareness in these clinical populations. Such findings
are promising, but will need to be replicated and extended in future work before being afforded high

confidence.

Conclusion

We have reviewed illustrative examples of how modelling the brain as a prediction machine has begun
to yield potential clinical insights. Initially, this involves proposing conceptual models of how a

computational framework may offer explanatory power. Subsequently, formal computational models
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can be written down, affording quantitative simulations and precise predictions. Finally, those models
can be translated into behavioral tasks that can be carried out during neuroimaging. Models can then be
fit to behavior, allowing both: 1) identification of the neural correlates of model parameters, and 2)
identification of differences in model parameters (and associated neural responses) between
individuals, which could offer either diagnostic or prognostic information and inform treatment
selection—sometimes called computational phenotyping. This therefore allows us to move from meso-
scale neurocomputational processes that are very difficult to study directly (e.g., through single-neuron
recordings) all the way through to phenotyping individuals within clinical populations with heterogenous
underlying mechanisms. Further advances in the application of formal models of the predictive brain will
require close collaboration between clinicians, patients, and computational researchers to generate and
formalize models of distinct clinical phenomena, and to design informative behavioral tasks that, once
validated, patients could perform in the clinic to help mental health professionals better understand and

treat their patients.
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Figure Legends

Figure 1. Schematic of the multi-scale architecture of neural networks. At the macro-scale, the brain is
most often studied in terms of activity within, or interactions between, large-scale brain regions using
neuroimaging. These brain regions can interact over large distances, mediated by long-range axonal
fiber bundles. At the micro-scale, the brain is studied in terms of single-neuron activity and intra-/inter-
cellular interactions at the molecular level. The meso-scale links the micro- and macro-scales, but it is
currently the most difficult to study. Computational neuroscience is uniquely suited to address meso-
scale function. Current work in this area has led to strong support for the idea that patterns of synaptic
connectivity at this level implement the predictive algorithms discussed in the text. This algorithmic level
of description bridges the neural and psychological levels of description, by showing how neural
structures can implement the computational processes underlying psychological functions, such as
perception, learning, and decision-making. Meso-scale computational (algorithmic) modelling therefore
offers a unique window into the neural basis of abnormal psychological processes within
psychopathology. Adapted from (109).

Figure 2. (A) An illustration of neuronal dynamics within a very simple predictive coding model of
‘friendliness perception’ (i.e., estimating how friendly vs. hostile someone is based on lip curvature, as
an indicator of facial expression). This example illustrates how the same input (flat lip curvature, most
consistent with a neutral facial expression) can be interpreted as a sign of higher or lower levels of
friendliness based on different learned prior expectations and precision estimates. In this model, blue
triangles indicate cortical pyramidal neurons, and black lines indicate axons terminating in synaptic
connections. Arrows indicate excitatory synaptic influences, and circles indicate inhibitory synaptic
influences (dashed arrows are not modeled, but indicate additional context-specific modulatory
influences that could also be present in a more complete model). Activity of the FL neuron estimates
level of friendliness (from very hostile to very friendly; activity levels from 0-10), and LC neuron activity
represents lip curvature (i.e., low activity indicates frown and high activity indicates smile). The two PE
neurons reflect prediction-errors associated with FL activation (higher level) and with LC activation
(lower level). The strength of the two looping axons’ synapses (connecting each PE neuron to itself)
estimates the precision (reliability) of prior expectations (mq; higher level) and LC activity (m.c; lower
level). Expected friendliness (Prg) is conveyed through the strength of the top-down inhibitory synapse
on the higher-level PE neuron. Although not modeled here, predictive coding models also include
guantitative synaptic learning mechanisms (i.e., update equations) allowing the strengths of the Prg, mts,
and mc synapses (i.e., prior expectations and precision estimates) to be altered over time to better
match patterns in experience. Panels B-E illustrate changes in FL neuron activity (i.e. inferred
friendliness level; black lines) over time, when presented with a flat lip curvature (i.e., moderate LC
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activity, most consistent with a neutral level of friendliness, all else being equal; blue lines) under
different model parameter values. These different parameter values reflect 1) prior expectations of low
(B) vs. high (C) levels of friendliness, and 2) high (D) vs. low (E) reliability/precision estimates for
expectations of low friendliness. As can be seen, after FL neuron activity converges onto a stable
estimate (i.e., when activity ceases to oscillate once prediction error is minimized), lower levels of
friendliness are inferred in (B) compared to (C) (reflecting the influence of prior predictions), and in (D)
compared to (E) (reflecting the influence of higher reliability estimates for prior predictions of low
friendliness). For the detailed mathematics on which this example is based, see (110). Panel (F) depicts
the neural process theory proposed within active inference. Example simulations using this process
theory are shown in Figure 3. In this theory, probability estimates for a given phenomenon (e.g., being
friendly or hostile) are associated with neuronal populations that are arranged to reproduce known
intrinsic (within cortical area) connections. Red connections are excitatory, blue connections are
inhibitory, and green connections are modulatory (i.e., involve a multiplication or weighting). Similar to
predictive coding, these connections convey different types of prediction and prediction error signals
(labeled as signal types 1-5), but in this case also incorporating action selection. Cyan units correspond
to predictions about future sensory inputs (o) and the causes of those inputs (s) if one were to follow
one sequence of actions vs. another (i.e., policies, 1) at each time point (t), while red units represent a
type of ‘best guess’ about causes of sensory input when considering the probability of all possible
policies (i.e., a Bayesian model average). Pink units correspond to sensory prediction errors (&) and
preference predictions errors ({), which are used to evaluate expected free energy (G) and subsequent
policy probabilities (). When selecting an action (u) at each time point, policy probabilities are also
modulated by an expected precision term (y) that has been linked to dopamine (20). Predictions are
conveyed by a set of synaptic connections (B), while prediction-errors are encoded by a different set of
synaptic connections (A); these synaptic connection strengths are updated during associative learning
(i.e., long-term synaptic potentiation and depression; (64)). Only exemplar connections are shown to
avoid visual clutter. Furthermore, we have just shown neuronal populations encoding beliefs under two
possible policies over three time points. For an introduction to the associated mathematics describing
neuronal interactions in this theory, see (1, 13, 15).

Figure 3. Depiction of a formal model of emotional state inference, adapted from (19, 54); also see (18).
On the left, a network of abstract neuron-like nodes (and select connections) is depicted, where the
higher-level represents different possible concept-level inferences about one’s own internal state,
including emotional and somatic interpretations. These representations send downward prediction
signals, conveying patterns of lower-level representations expected under each higher-level
representation. Prediction-errors are conveyed upward, such that the higher level converges onto the
representation that makes the most accurate predictions (i.e., minimizes prediction error). The lower
level in turn generates affective (interoceptive/behavioral) responses themselves (e.g., generating
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elevated heart rate and avoidance behavior when inferring threat; shown in gray). Here it is assumed
that the brain has previously generated a (flexible, context-specific) affective response of this kind,
based on the predicted metabolic, cognitive, and behavioral demands of a situation. This occurs upon
perceiving and interpreting that situation (i.e., based on a fast, largely unconscious, domain-general
evaluation of a situation as being, for example, safe, threatening, goal-incongruent, consistent with
norms/values, etc.; only interpretations of the situation as neutral, socially threatening, or physically
threatening are explicitly depicted here). The brain’s job is then to perceive how body states have
changed based on this generated response, and to make sense of it in terms of various (self-report
guiding) concept representations it has learned (i.e., this is based on the three-process model of
emotional awareness (57, 65-70), as well as constructivist theories stressing the culture- and context-
specific, domain-general nature of emotion conceptualization (80)). To do so, the simulated decision-
making ‘agent’ must first choose selective attention policies (i.e., selectively attend to valence, arousal
level, the surrounding context, etc.) and then choose self-report policies communicating which emotion
it is feeling, based on what it has attended to and observed (with the preference of receiving
confirmatory social feedback, which also allows simulation of learning emotion concepts during
development (54)). In this example, activated lower-level representations are shown in red, leading to
the inference of sadness at the higher level (also red) and the self-report that ‘I feel sad’ (not shown).
This occurs gradually as the individual selectively attends to each lower-level modality (not shown) and
accumulates evidence for the sadness interpretation. After arriving at this interpretation, it can also be
held in working memory and reflected upon (i.e., gestured at with the ‘Domain-general Cognition’ box in
the top-left; see (19) for explicit simulations). The top-right corresponds to simulated neuronal firing
rates (darker = higher firing rate; i.e., higher represented probability) and simulated local field potentials
(rates of change in firing rates) for this model, based on the neural process theory proposed within the
active inference framework (15), which is depicted in Figure 2. Here, the network starts with equally
strong predictions across all possible interpretations, and slowly converges onto the belief that sadness
is the best-fit interpretation when successively integrating lower-level representations (via selective
attention processes not depicted here). By simulating different starting predictions and connection
strengths, precise simulations of pathological emotion inference and learning can be carried out and can
be used to make empirical predictions.
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