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SUMMARY

Modern psychiatry faces challenges in translating neurobiological insights into treatments for severe
illnesses. The mid-20th century witnessed the rise of molecular mechanisms as pathophysiological and treat-
ment models, with recent holistic proposals keeping this focus unaltered. In this perspective, we explore how
psychiatry can utilize systems neuroscience to develop a vertically integrated understanding of brain func-
tion to inform treatment. Using schizophrenia as a case study, we discuss scale-related challenges faced
by researchers studying molecules, circuits, networks, and cognition and clinicians operating within existing
frameworks. We emphasize computation as a bridging language, with algorithmic models like hierarchical
predictive processing offering explanatory potential for targeted interventions. Developing such models
will not only facilitate new interventions but also optimize combining existing treatments by predicting their
multi-level effects. We conclude with the prognosis that the future is bright, but that continued investment in

research closely driven by clinical realities will be critical.

INTRODUCTION

After his monthly paliperidone injection, Robert goes back to his
room and lies down for the rest of the day. He seldom interacts
with others and spends much of his time pacing the hallway.
Though he now engages with staff and is less internally preoccu-
pied, he cannot leave the facility he resides in. Before hospitali-
zation, Robert’s disruptive behavior strained his family relation-
ships, and they will not take him back. While medications have
lessened his psychotic symptoms, they have not restored his
functional capacity, leaving him unemployed for years. Like
many with schizophrenia, he lives a life of uncertainty, unsure
he will ever gain independence, hold down a job, or build mean-
ingful relationships. Robert is all too representative of the many
individuals who, despite great effort by researchers and clini-
cians, remain debilitated by this profound disorder.

As a medical discipline, psychiatry can claim some progress
over the past century, emerging from the eras of asylum care
into an era marked by the development of several classes of psy-
choactive pharmaceuticals.’? Major psychiatric disorders, such

as mood, anxiety, and psychotic disorders, have benefited from
drug development, with many overcoming or reducing the fre-
quency of symptomatic episodes that, untreated, would have
severely compromised their ability to fully participate in society.
More recently, evidence-based psychotherapies and interven-
tions like transcranial magnetic stimulation (TMS) and deep brain
stimulation have further improved therapeutic outcomes.®>™
These new technologies have been complemented by recent ad-
vances in precision neurophysiology and neuroimaging®’ for
mental health characterization, and precision noninvasive inter-
vention and functional mapping of the brain.®

Despite these successes, schizophrenia remains a large un-
met public health need. Schizophrenia is a condition that attacks
the very notion of what it is to be a person with agency over our
senses and actions; patients often suffer from hallucinations
(commonly auditory) and delusions (persistent false beliefs
despite contrary evidence). These features, referred to as
positive symptoms, co-exist with a host of negative ones in
which patients appear apathetic and withdrawn but without
a clear affective expression or anxiety. Although antipsychotic
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medications do provide some symptom relief (albeit less so for
negative ones), almost all patients continue to exhibit cognitive
deficits that prohibit their independence. In about 30% of
patients, even psychotic symptoms cannot be adequately
controlled, leading to “treatment resistance,” which can
condemn people to homelessness, state hospital residency, or
total reliance on family care. Recently, the Food and Drug
Administration approved xanomeline/trospium (Cobenfy), the
first non-dopaminergic treatment targeting muscarinic path-
ways, showing promise for negative and cognitive symptoms.®
While exciting, it will take several years before we’re able to
evaluate the impact of this advance. Critically, availability of
new medications does not fundamentally alter the arguments
we present in this article.

In contrast to the slow clinical progress, brain research has
advanced rapidly in recent decades, driven by technologies
enabling the interrogation of the brain and mind from novel per-
spectives.'® The rise of approaches in animals for observing and
perturbing the activity of synapses, neurons, and populations
within intact circuits and networks has been nothing short of a
scientific revolution."" Guided by human genomics, these
studies have identified promising pharmaceutical targets.'®"®
In addition, neuroimaging methods such as positron emission to-
mography (PET), electroencephalography (EEG), and magnetic
resonance imaging/spectroscopy (MRI/MRS) now allow direct
visualization of alterations in the brain chemistry and function
in human patients, as well as the impact of new treatments.

Why hasn’t this tremendous progress in research translated to
similar advances in patient care? Following the discovery of the
first effective antipsychotic medication chlorpromazine, hope
was placed on the notion that medications could target specific
molecular alterations and correct existing brain chemical imbal-
ances. As research identified abnormalities in dopamine (DA),
glutamate, and other neurochemical systems in schizophrenia,
drug development focused on these targets. Unfortunately,
this approach has not produced genuine breakthroughs,
prompting many to declare a crisis in schizophrenia treatment
development.'*'®

Given these findings, critics increasingly argue that schizo-
phrenia research has become overly reductionist, unable to
address the heterogeneous, dynamic nature of mental
illness."®"” Such criticism is often directed at a traditional molec-
ular-focused paradigm in which a genomic lesion propagates
across multiple levels of organization to impact behavior (Fig-
ure 1A). Critics challenge the assumption that higher level abnor-
malities can be corrected by single molecular interventions at
lower levels, emphasizing that many aspects of mental iliness,
especially interactions between individuals and their social envi-
ronment, are beyond reductionist approaches. In contrast, advo-
cates of the molecular (now extended to -omics) paradigm have
argued that the problem is not too much emphasis on reduc-
tionist science but instead not enough, criticizing the alternate
“holistic” view as being too vague to lead to useful treat-
ments. ' In this paper, we advocate a perspective centered
around algorithmic, “latent variable” models of behavior. How-
ever, unlike pure behavioral state models, we advocate inte-
grating the behavioral description with advances in computa-
tional modeling at the level of cells and circuits to improve our
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ability to predict the impact of molecular and regional targeted
treatments (Figure 1B).

Such models assume a stepwise nature of human cognition as
a sequence of unobservable latent states that can be decom-
posed into a list of computational functions (short term memory,
integration, feedback, etc. ...). These models have been devel-
oped to describe behavior in various types of tasks, providing
advantages over more qualitative descriptors.?®"2? First, they
provide ways to group task states via a common computation
instead of simply averaging unrelated states.”® Second, such
state grouping provides a way for correlation with neural mea-
surements, linking brain and behavior through computational
language.?*~2° Third, psychiatry already implicitly uses latent de-
scriptors to guide treatment. For example, when evaluating
depressed mood, the astute psychiatrist avoids symptom-trig-
gered treatment using antidepressants and instead clarifies
whether this is part of a bipolar syndrome that would require
mood stabilizers instead. Psychiatric diagnostic entities address
multiple symptoms with a single medication, reducing polyphar-
macy. Therefore, the adoption of algorithmic models would natu-
rally align with current treatment optimization practices.

Algorithmic behavioral models are at the center of multi-level
spanning computational models, which can incorporate data
across the levels of organization relevant to psychiatry. The
time is ripe for such developments, given the revolution in
computational power and deep learning approaches.?’ By inte-
grating all the traditional levels of organization in this frame-
work, psychiatry can potentially achieve what it heretofore
has lacked—a vertically integrated theory of brain function
that links molecular structures with neural functions, neural
functions with cognitive operations, and cognitive operations
with real-world behavior (Figures 1B and 1C). Consider an
active working memory task in which subjects must remember
and update a list of items. An algorithmic model may break
down this task into latent cognitive states such as mainte-
nance, updating, and response selection. While these latent
states are not directly observable, behavioral data allow us to
infer them. Below this algorithmic level, we have the command
level, which specifies the computational operations that imple-
ment these latent states, such as neural integration,?® line,*° or
bump attractors.>’ These computational operations can be
directly tested against empirical neural data and further linked
to single-cell neural encoding properties at the level beneath.
Critically, out of all these levels, the algorithmic level is the
one that is closest to behavior, and therefore, it can have clear
inroads to behavioral data fitting on one end and neural
modeling on another (Figure 1C).

Because biological data are described in a manner that is not
intended to inform psychological function, translating biological
knowledge into computational terms is essential to this frame-
work. In fact, the parallel revolution in computer science and
artificial intelligence not only provides tools to examine how
the underlying neurobiology works but also the appropriate lan-
guage to link biology with psychology.®'**> While the higher level
component descriptions of behavior derive from cognitive
psychology and therefore are intrinsically describable in the lan-
guage of stepwise computational processes, advanced neuroi-
maging studies have not found equivalent neuroanatomical
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Figure 1. An algorithmic framework for
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representations.®® Therefore, even if an impaired computational
process is identified by behavioral studies, the anatomical
location and biological level for optimal intervention are no
longer clear with the loss of a 1:1 function to anatomical location
relationship. However, imaging studies have linked behaviors
to distributed anatomical networks of neuronal activity. The
intrinsically parallel multi-level algorithms of modern deep
learning approaches are potentially ideal and likely essential for
relating networks to latent variable models of behavior as well
as to lower circuit and synapse levels of description (Figure 1C).
Additionally, leveraging rapid advances in anatomically targeted
therapies, as discussed in Conclusions and future outlook, is
crucial.

In the rest of this piece, we first provide an overview for the
role of formal computational theory in describing cognitive op-

description, from large-scale brain

networks measured by methods such

as fMRI to molecular mechanisms at
the level of receptors and genes to describe how new
experimental approaches and statistical tools are revolution-
izing these areas and building bridges between them. We end
with speculations on how all these advances will inform
treatment.

PRESENT-LEVEL SPANNING COMPUTATIONAL
APPROACHES AND THEIR APPLICATION TO
TREATMENT

In this section, we summarize several approaches using compu-
tational models to bridge across levels of analysis. The discus-
sion is not meant to be comprehensive, but rather illustrates ex-
amples of key achievements and current limitations experienced
to date.
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The role of formal computational theory in
schizophrenia, linking cognitive theory to behavior
While much progress has been made in identifying biological al-
terations in the pathophysiology of schizophrenia, such findings
alone do not explain how they translate into functional outcomes
or symptoms that characterize schizophrenia and mental iliness
more broadly. The complexity of systems neuroscience implies
that even neurological diseases with “high essentiality” (i.e.,
well-defined etiology traced to a single or small number of mech-
anisms®**°) can have complex interactive effects on cognition
and behavior. A canonical example is Parkinson’s disease
(PD), which results primarily from degeneration within midbrain
DA neurons, but which percolates throughout corticostriatal cir-
cuits and thus leads to alterations across motor, affective, and
cognitive functions.*® While primarily characterized by a set of
stereotypical motor symptoms, the cognitive, affective, and
perceptual consequences of PD are heterogeneous.®”*® This
poses a treatment challenge not unlike that seen in schizo-
phrenia, particularly that traditional antipsychotic treatments
need to be balanced against worsening motor symptoms.
Thus, even a known lesion, such as the degeneration of DA neu-
rons in an identified neuroanatomical location, can yield hetero-
geneous symptoms whose circuit-level explanation remains an
open question and where treatment is just as complex as that
of less molecularly understood disorders such as schizophrenia.
Formal computational models can help address the problem
of heterogeneity and unify seemingly disparate symptom clus-
ters in PD. They can do so by reducing the complexity of the
circuits to their functional considerations shared across such
circuits, with analogous effects of DA modulation therein.*®
These models, spanning detailed neural circuits to algorithmic
descriptions of action selection,*° have inspired studies to test
their predicted implication of valuation and reinforcement
learning in the progression of Parkinsonian symptoms. Such
approaches have been applied to both patients with PD and to
patients experiencing Parkinsonian symptoms because of anti-
psychotic treatment in schizophrenia. Predictions of these
models have been confirmed in rodent models. For example,
the models correctly predicted that motor dysfunction would
advance as a function of aberrant learning (exaggerated plas-
ticity) in striatal D2 receptor-expressing spiny neurons and that
such deficits can be separated from the direct effects of DA
denervation on “performance.”*"** Similarly, they have ac-
counted for analogous effects on cognitive function and deci-
sion-making via multiple corticostriatal circuits’® and the para-
doxical finding that DA medications can have both therapeutic
and deleterious effects depending on task demands.*%**
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This same strategy to compress multiple interacting cellular
and systems-level circuits into latent low-dimensional models
that summarize their core computations (“multidimensional
computational phenotyping”) has improved prediction and diag-
nostics in more complex mental iliness,*>*“® including schizo-
phrenia®” and depression*® (Figure 2). However, it becomes
increasingly difficult to link such functional considerations to a
small number of reductionist mechanisms. In the language of
Hitchcock et al., schizophrenia represents an illness of low to
moderate “essentiality”: there are some consistent findings on
the pathophysiology, but it certainly cannot be reduced to a sin-
gle set of mechanisms. The essence of the illness is more likely
to be found in the heterogeneity across patients.*>* Thus, suc-
cessful predictive models have largely taken the “quantitative
abductive” approach,®?**°° beginning with algorithmic models
of behavior, fitting them to behavioral data, and determining
post hoc which model parameters best discriminate between
patient populations, without drawing strong conclusions about
mechanism.

Nevertheless, sometimes observed parameter differences
can plausibly be linked to a neural circuit or set of mechanisms,
either because neural recordings were used in the associated
study and their variations were linked to model parameters,*%°"
or because the observed parameter differences have well-es-
tablished links to underlying mechanisms. As a disorder of mod-
erate essentiality, schizophrenia has long been linked to distur-
bances of the prefrontal cortex (PFC)°> as well as the DA
system.”®** Formal models of corticostriatal DA systems have
been extended to provide an account of the DA hypothesis of
schizophrenia, considering how multiple aspects of positive
and negative symptoms may arise from disruptions to DA within
individual circuits and on different time scales.”® But here one
should think of this approach as “how far can one get” with a
simple model rather than a comprehensive account of schizo-
phrenia. Indeed, task paradigms, combined with formal models
designed to disentangle striatal DA mechanisms from prefrontal
cortical contributions, have consistently failed to show clear
alterations of DA-dependent reinforcement learning processes
in (chronic) schizophrenia and instead attribute alterations in
learning deficits in prefrontal cortical working memory pro-
cesses.”®°” Given the extensive interactions among these sys-
tems and with hippocampal and other circuits, drawing precise
causal conclusions from any single task or patient group remains
challenging.

One might argue that such studies often involve chronically
medicated patients, whose intact striatal DA-dependent pro-
cesses could simply reflect normalization by antipsychotics

Figure 2. A framework for a computational approach to treatment guidance

(A) Multidimensional computational phenotyping. Depiction of computational phenotyping beginning with task design where clinical and nonclinical populations
undergo task batteries designed to probe specific cognitive functions and capture behavioral data. The data are subjected to modeling to simulate cognitive
processes and identify key parameters in performance and output. The parameters are parsed to quantify individual differences in cognitive processes, and the
individuals are classified and clustered based on the models to allow for personalized predictions.

(B) Computational approach to treatment. lllustration of how phenotyping can guide treatment decisions. Cognitive task performance from patients is com-
plemented with additional clinical data for modeling, which allows for cognitive behavioral classification. Treatment is adjusted according to the dysfunctions
identified in a personalized manner.

(C) Targeted molecular and image-guided treatment. By combining computational phenotyping with advanced functional imaging and genomics, clinicians can
design integrated targeted therapies (e.g., using localized ultrasound for targeted drug release).
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(D2 receptor antagonists preferential targeting in the striatum
rather than the PFC). But despite decades of research and clin-
ical trials, next-generation antipsychotics have seen limited
progress. This may be understood from the perspective of
next-generation computational models and systems neurosci-
ence approaches highlighting that a single blunt manipulation
of DA or other modulators is unlikely to completely ameliorate
symptomology.

Consider that within the DA system, traditional reinforcement
learning models and data relied on the notion that DA signals
conveying salient “reward prediction error” signals®®*° are sca-
lar (reflecting a single number that goes up or down) and global
(influencing all downstream targets across the striatum and
elsewhere equally). Recent studies in animal models have
challenged this notion however, with endogenous DA signals
showing substantial heterogeneity, in part depending on their
downstream targets.®°°®> Moreover, even within localized re-
gions of the dorsal striatum, rewards induce wave-like spatio-
temporal dynamics of DA, with the direction of the waves (from
medial to lateral or vice versa) dependent on task demands.®
When the task requires agency—the animal controls how they
progress from one state to another before receiving rewards—
DA waves initiate within the dorsomedial striatum (DMS). But
when task events indicating progress to reward were incon-
gruent with the animals’ actions, the DMS was the last region
to receive DA. These opponent wave dynamics were comple-
mented by more gradual DA ramps in the DMS that led up to
the reward as the animal progressed in the task, again in oppo-
nent directions (increasing ramps in the agency condition,
decreasing ramps in the passive condition). Finally, brief DA tran-
sients in individual axon segments localized to DMS subregions
as animals experienced individual events signaling discrete
progress toward reward.®*®°> A “mixture of experts” computa-
tional model synthesized how such transients, ramps, and
waves interacted in the service of directing “credit assignment”
to the appropriate striatal subregion, allowing the animal to learn
whether they are in control of task events and how to guide and
reinforce behavior accordingly. Model predictions, in terms of
how the different DA dynamics were predictive of each other
and of subsequent behavioral adjustment, were supported by
observed experimental data.

One level up: Taking inspiration from behavioral
economics to target abnormal thinking in schizophrenia
What does the aforementioned computational approach mean
to Robert, who, like many others, struggles to live to his full po-
tential as a consequence of his condition? We seek answers in
biological alterations, but as noted earlier, such findings alone
are insufficient to explain how they translate into symptomatic
or functional outcomes. Is it useful to ask how his symptom of
inactivity relates to his conscious thoughts and feelings, if at
all? Suppose Robert reports that he does not go out because
he is fearful, believing that he is being followed by people with
malicious intent, and the reason for this is that he often hears iso-
lated unidentifiable voices, telling him to “go home.” Staying
home feels safer, despite the negative repercussions, and over
the years, it has become habitual, further limiting his social func-
tioning. The computational approach means that for individuals
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like Robert, we can quantitatively identify and understand the
ways in which his brain processes information abnormally.

Cognitive processes and phenomenological experiences form
a crucial component of vertically integrated models, linking bio-
logical vulnerability, social factors, and the manifestation of indi-
vidual psychotic symptoms.®® Over the past two decades, a
number of converging cognitive models of psychosis®®*° pro-
pose that beliefs and appraisals are central to determining the
clinical consequence of psychotic experiences. These cognitive
models of psychosis recognize biological alterations as confer-
ring an increased vulnerability to disordered perceptions (e.g.,
hearing a disembodied voice). However, disordered perceptions
alone are not psychotic (for example, benign voices are a rela-
tively common human experience).”” How individuals make
sense of, and respond to, anomalous experiences that charac-
terize psychosis can determine whether they remain benign or
result in impairment. The conclusions that Robert believes the
voices he hears derive from individuals who intend harm and
follow him about are typically considered delusions. These are
distressing and lead him to adhere to dysfunctional behaviors
such as asociality. These appraisals, as such models suggest,
stem from past experiences (e.g., of childhood trauma or later
adversity) influencing content of appraisals (e.g., voices as
malign). They are also influenced by biased reasoning, which
may be due to cognitive limitations (e.g., working memory).

Reasoning processes have long been considered disrupted in
schizophrenia (and were integral to the Diagnostic and Statistical
Manual definition of delusions as “false beliefs due to incorrect
inference about external reality” DSM-IIl and -1V). Systematic re-
views and meta-analyses have detailed a large and consistent
evidence base, in over 70 studies, in which the clear majority
show that individuals with delusions and psychosis make deci-
sions on the basis of limited evidence in probabilistic reasoning
tasks, the so-called “jump-to-conclusions” (JTC) bias.”'~"*
This bias is posited to contribute to delusion formation; thus, it
is proposed that anomalous or ambiguous information is rapidly
appraised, and a delusional conclusion is drawn on the basis of
limited evidence. Additionally, once a conclusion is drawn, even
ifimplausible, it occurs without a thorough consideration of alter-
natives or a corrective review of the evidence, thus entrenching
delusional persistence. This latter process of reviewing one’s
initial impressions or beliefs has been termed “belief flexibility,”
which research has also shown to be poor in people with delu-
sions.”®"> We should note that there are more nuanced views
on the JTC bias, highlighting basic differences in information
seeking in patients with schizophrenia.”*

This empirical research finds a clear parallel in the work of the
behavioral economists Tversky and Kahneman, who in
numerous studies have shown that people do not always make
rational or optimal decisions even when the information is avail-
able to do so.”® They have documented many heuristics and
biases in decision-making, which may lead people to irrational
actions. Kahneman’s book, “Thinking Fast and Slow” popular-
ized this work and distilled his body of research within the frame-
work of two-process models of reasoning.’® In cognitive psy-
chological theory, dual-process models of human reasoning
posit two parallel systems or processes underpinning decision-
making: type 1, fast, high capacity, independent of working
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memory and cognitive ability; and type 2, slow, low capacity,
heavily dependent on working memory and related to individual
differences in cognitive ability.””®'

If we consider reasoning in psychosis in this context, it is
apparent that JTC may be considered to reflect the operation of
type 1 fast processes, while the documented failure in people
with delusions to correct mistaken judgments from conflicting ev-
idence is a failure of type 2 slow thinking (i.e., the ability to consider
alternative explanations and review the evidence thoroughly).”®

Stimulated by this research, a new digitally supported psycho-
logical intervention, “SlowMo,” was developed to help patients
with schizophrenia manage delusions by targeting reasoning, spe-
cifically fast and slow thinking (Figure 3A). This is grounded in
cognitive models of psychosis, and cognitive behavior therapy,
but focuses intensively on the mechanisms of fast and slow
thinking, bringing into a person’s awareness their tendency to
jump to conclusions and providing tools for “slowing down”
thinking and generating more benign alternative thoughts to the
person’s current and distressing persecutory delusion (Figure 3B).
SlowMo is a blended therapy with eight face-to-face therapy ses-
sions and is supported by a web app with interactive materials, vi-
gnettes, and exercises. A linked mobile app encourages the userto
enhance slow thinking in everyday life: providing ready accesstoa
repository of personalized non-delusional safety ideas, previously
generated in therapy, thus supporting effective self-management
during distressing experiences. These interactive elements can
be modified to specifically fit each patient’s reasoning style based
on behavioral feedback. A clinical trial®> demonstrated significant
improvements in persecutory delusions, overall functioning, and
well-being and that one mechanism for this was through increased
type 2 slow thinking, specifically belief flexibility.

Distressing
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Figure 3. Dual-process model of reasoning
Top: Fast and slow thinking in schizophrenia. A
schematic representation of the dominance of fast
intuition over slow analytic reasoning as it applies
to poor belief flexibility and thus distressing beliefs
about anomalous experiences.

Bottom: Technology-assisted approach (SlowMo)
for ameliorating reasoning dysfunction in schizo-
phrenia. A schematic representation of the role of
the dual-process treatment of SlowMo therapy.
Through therapy sessions and a mobile applica-
tion that acts as an “extended mind,” there is
increased resource allocation toward slow, ana-
lytic thinking. This overrides the type 1 fast
thinking and leads to alternative, less distressing
beliefs, consequently mitigating cognitive
dysfunction.

‘Alternative Less
Distressing
Belief

The success of SlowMo supports that
further work on integration of formal algo-
rithmic modeling with higher cognitive
theories that interface with real-world in-
terventions would be of tremendous
benefit. For example, computational phe-
notyping of patients with schizophrenia
based on their task behavior, movement,
speech patterns, and/or brain signals
should help identify to what degree fast thinking style is exagger-
ated versus slow thinking impaired. By capturing the metrics of
fast vs. slow thinking—such as decision thresholds, reconsider-
ation times, and belief flexibility —the field can quantify the de-
gree to which each reasoning style contributes to persistent
delusional beliefs. These individualized metrics allow SlowMo
to be tailored to target the specific cognitive processes most in
need of intervention, thus resulting in the design of a personal-
ized intervention, capable of iterative amelioration of psychotic
experience. The dual-process model of reasoning can conse-
quently be enriched by bridging these cognitive metrics with bio-
logical processes. Controlled paradigms of decision-making are
essential to this integration, where subjects are presented with
initially ambiguous images that are resolved over time. Under
these conditions, patients with schizophrenia indeed jump to
fast conclusions.®® However, developing paradigms in which
participants may revise their conclusions could reveal additional
deficits and formalize the notion of “belief reappraisal” biases in
patients with schizophrenia. More broadly, creating paradigms
with dissociable individual components facilitates algorithmic
modeling of the dynamics of belief formation and revision. This
accomplishes two goals: the individualized patient approach
outlined previously and the link to the underlying brain mecha-
nisms, as the fast thinking style may align better with BG mech-
anisms whereas the slow style with prefrontal ones.®* This has
important implications for predicting treatment responses as
well as the development of new interventions.

Predictive processing theory as a bridge to mechanism

A promising set of models that have the capacity to link higher
cognition to neural mechanism lies within the predictive
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processing framework.®> Several types of predictive processing
theory (PPT) exist, but they share the core idea that perception
lies at the interface between memory-based predictions and
environmental sensory inputs.®® For example, responses in
primary sensory cortex are thought to only partially reflect infor-
mation from the periphery, as some are better explained by
deviations from internal predictions.?” These findings can be
attributed to the highly interconnected nature of cortical areas;
higher-order sensory cortex that responds to more complex
features generates more statistically probable stimuli based on
partial inputs, which then interact with the lower level inputs in
primary sensory areas. Deviations from these predictions are
transmitted back to higher areas to update their activity (poten-
tially requiring neuromodulators such as DA). Based on this iter-
ative process, PPT has striking parallels to cognitive reappraisals
discussed earlier. PPT makes predictions in this domain that
have been verified by experiments, such as finding dedicated
cortical neurons that respond to quantities that are higher or
lower than memory-based predictions.®”

Given such parallels, one would expect PPT to have important
insights into the neural mechanisms of schizophrenia. Indeed, a
series of studies have formulated schizophrenia pathophysi-
ology as resulting from imprecise predictive machinery (impre-
cise priors in Bayesian terms) combined with overly precise sen-
sory data (high likelihoods).”®®%" This results in a higher
frequency of prediction errors, which the brain may interpret as
hallucinatory experiences. While intriguing, this account intro-
duces a paradox: delusional beliefs are highly resistant to
change, suggesting increased rather than decreased weighting
of priors. A recent proposal resolves this by extending classical
PPT accounts to the cognitive domain through a hierarchical
framework.>%* Specifically, reduced precision is localized to
the generative process of higher sensory areas but not to the
associative areas above them. Instead, these areas may have
increased precision, resulting in two types of prediction errors
at different levels of hierarchy (Figure 4A). The increased percep-
tual prediction errors would therefore explain hallucinatory phe-
nomena as in classical PPT, but the reduced cognitive prediction
errors would explain the persistence of delusional thought
content that cannot be explained by classical PPT. Therefore,
hierarchical PPT aligns well with cognitive models of reasoning,
mapping fast and slow thinking onto lower and higher hierarchi-
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cal levels, and fits with known anatomical and physiological
differences between associative and higher sensory cortical
areas.”

A recent hierarchical PPT algorithmic model learned to model
the process of schema formation and error-based learning.®
Despite its algorithmic nature, this model makes predictions
regarding interactions between the medial (evaluative) and
lateral (executive) divisions of the PFC. This is relevant to schizo-
phrenia pathology; one possible instantiation of network imbal-
ance could be between the medial and lateral PFC, with the
medial regions driven by overly precise mnemonic representa-
tions, whereas lateral regions show reduced activity consistent
with a mid-hierarchical deficit. This potential implementation
(Figure 4B), which would focus on delusional thought process-
ing, could simultaneously relate to hippocampal lesions resulting
in delusions®” and the literature on impaired dorsolateral PFC
function in schizophrenia.®® Thus, hierarchical PPT offers a test-
able way to link schizophrenia circuitry to symptoms and poten-
tial treatments.

Computational models linking small circuits to networks
to altered behavior in animal models relevant to
schizophrenia

We described previously (in the “The role of formal computational
theory in schizophrenia, linking cognitive theory to behavior” sec-
tion) spatiotemporal DA dynamics across the striatum of the ro-
dent and how it relates to agency and credit assignment.®
Such an intricate interplay between DA dynamics at multiple
time scales and striatal subregions in the service of learning about
agency could have profound implications for schizophrenia.
Rather than considering how a single DA signal may be aberrant,
such findings imply that it may be critical to control the timing and
spatial specificity of DA terminals to assign credit to the correct
neural circuit. Speculatively, disruptions in such signaling could
giverise to inappropriate causal attribution to the agent’s own un-
derlying corticostriatal circuits (e.g., an outcome that should be
attributed to motor activity could be erroneously attributed to
cognitive activity or vice versa). In rodents, these findings align
with human studies linking DA signaling to learning values asso-
ciated with agency®®'°" and with neural network models impli-
cating the need for multidimensional DA signaling for reinforcing
appropriate striatal targets.'%'% Interestingly, findings across

Figure 4. Hierarchical predictive processing framework and its relevance to delusions

(A) Schematic model of hierarchical predictive processing in both a healthy context (left) and in the presence of a persecutory delusion (right). Arrows depict
feedback signaling of priors and feedforward signaling of prediction errors (PEs), with arrow thickness indicating their relative precision. In the healthy model,
prediction errors at both perceptual and cognitive levels guide continuous updating of beliefs in a balanced manner. By contrast, in the persecutory delusion
example, auditory input, such as the sound of footsteps, leads to a low-level belief of being followed, which informs the high-level belief of being tracked by the
government. Here, high-level priors gain excessive precision, compensating for the decreased precision priors of low-level beliefs and thus dominating inter-
pretation of uncertain inputs.

(B) Hypothesized medial lateral prefrontal cortex imbalance in schizophrenia. Schematic depiction of a network imbalance based on the hierarchical PPT al-
gorithm. In this framework, the medial prefrontal cortex (MPFC) becomes dominated by memory-driven signals originating in the hippocampus (HPC), while the
dorsolateral prefrontal cortex (dIPFC) shows diminished executive activity indicative of a mid-hierarchical deficit. As a result, evaluative processes in the medial
area overshadow the lateral region’s executive functions, potentially giving rise to the delusional thinking observed in schizophrenia.

(C) Ultrasound uncaging in treatment of psychiatric conditions. Identified network imbalances could potentially be targeted through ultrasonic drug uncaging: a
patient visiting a clinical setting for usual treatment would receive an intravenous infusion of a liposomal ultrasound-sensitive nanocarrier encapsulating the drug
of interest. Then, with an ultrasound transducer system placed on their scalp noninvasively targeting the region of interest, the drug would be released from the
carriers as they circulate in the blood volume of the brain region of interest. The workflow is similar to that of transcranial magnetic stimulation (TMS), with the
addition of the drug product infusion.
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humans, non-human primates'®® and rodents'®” have
shown dopaminergic locus of control within frontal thalamocort-
ical networks, distinct from the classic corticostriatal system,
augmenting the notion that DA impacts the brain at multiple levels
including those responsible for the maintenance and switching of
working memory.?°%1%” Notably, any blunt pharmacological DA
manipulation would not restore the endogenous dynamics
directed to particular striatal subregions needed for proper credit
assignment.

Frontal thalamocortical systems have gained increasing atten-
tion in the pathophysiology of schizophrenia, ' while highlighting
the value of animal models.'*~""" These studies have amended
the classical notion of the thalamus as a relay of peripheral inputs
tothe cortex, ushering in the notion of thalamic control of functional
cortical connectivity.''? The impetus for this change is anchored in
the unique structure of the thalamus, being composed of excit-
atory neurons that lack local recurrent connections.' """ This
feature results in long-range input-output connectivity patterns
within the thalamus being the primary determinant of its computa-
tional properties.’ 81197122 gpecifically, while thalamic structures
associated with early sensory processing (e.g., the lateral genicu-
late) receive strong driving inputs with little convergence, neurons
in associative structures such as the mediodorsal thalamus
receive convergent inputs from multiple prefrontal regions,
enabling their integration as a bona fide thalamic computation.
Such integration, whose properties have been modeled as a com-
bination of input convergence and a unique Hebbian learning
rule,""®""9 results in the generation of “summary statistics,”
including task context,?>'?® input uncertainty,'®” and context pre-
diction errors.'?® These signals are then projected back to prefron-
tal regions to control their ongoing dynamics. Of note, while
thalamic neurons cannot excite each other directly, they are
thought to inhibit one another via the thalamic reticular nu-
Cleus'124—131

Drawing from these systems neuroscience approaches,’'®?
Huang et al. translated a mouse task designed to probe the
role of mediodorsal thalamus in decision-making. The findings
showed that mediodorsal neurons encoded cueing uncertainty
based on convergent prefrontal inputs and drove prefrontal inhi-
bition in a manner proportional to this summary statistic of signal
reliability. Huang et al. found that subjects with schizophrenia
showed a behavioral pattern qualitatively identical to optoge-
netic mediodorsal suppression in mice. What's more, these
behavioral deficits correlated with a more specific functional
neuroimaging readout: the functional connectivity between
the right mediodorsal thalamus and the right dorsolateral
PFC. This identification of a neural readout of conflict-related
executive dysfunction in schizophrenia was generalized to a
larger dataset in a completely different cohort. The idea that a
specific thalamic locus may be a target for intervention in schizo-
phrenia is a tantalizing possibility. Next, we explore promising
approaches for achieving this goal.

NEW METHODS FOR STUDYING AND INTERVENING AT
MULTIPLE LEVELS

Although large advances in mapping circuits in preclinical
models and advances in imaging methods in humans have and
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will continue to play an essential role in modeling across levels,
direct interventions at these mapped levels in patients have
been limited by a lack of interventional approaches. Over the
last decade, there has been major progress in bridging this
gap, through image-guided technologies that directly interact
with brain circuit function including transcranial magnetic and
direct or alternating current stimulation (TMS, TDC/TAC, or
tcDCS or tcACS) and focused ultrasound.'*® The transcranial
electrical and magnetic stimulation techniques are widely used
in clinical practice; however, they suffer from poor field penetra-
tion to the neural circuits of interest, given their relatively limited
depth of penetration.'** In contrast, focused ultrasound can pre-
cisely reach nearly any brain region of interest, including medial
prefrontal and striatal circuits.*° The following section describes
progress in image-guided focused ultrasound and how its effec-
tiveness may be improved through the parallel development of
computational brain state models.

Focused ultrasound as a method for circuit-specific
drug targeting

To test hypotheses of how certain neural circuits and receptor
systems contribute to schizophrenia, we need more precise
controls over neural activity in target brain regions, with spatial,
temporal, and receptor specificity. As noted previously, pharma-
cology provides the mainstay of current therapy for schizo-
phrenia and yields powerful therapeutic effects in most patients,
which can be adapted to specifically target a myriad of molecular
receptors. However, side effects due to action of the drug at off-
target regions are the norm for most pharmacologic treatments,
limiting their therapeutic potential and complicating interpreta-
tion of how that drug affects the neural circuits and processes
underlying schizophrenia for that particular patient.

Ideally, pharmacological treatments would retain their recep-
tor-specific actions while achieving greater spatiotemporal pre-
cision, limiting drug exposure outside the target region to reduce
side effects. An example of this approach is work by Airan et al.
who have developed a technology for on-demand action of
drugs at precise brain region of interest, at targeted time pe-
riods.'®® They have created a suite of ultrasound-sensitive
nanoparticulate drug carriers that can hold a drug bound until ul-
trasound induces release of the drug payload.'®"~'%° With this
system, they leverage focused ultrasound, which can target ul-
trasound energy to millimeter-scale regions of interest anywhere
in the brain, with millisecond precision, to enable on-demand
drug treatment at the right time and at the right brain target. In
practice, the patient would receive an intravenous infusion of
an ultrasound-sensitive drug-loaded nanocarrier while undergo-
ing routine treatment in an ambulatory, intensive outpatient, or
inpatient setting. Focused ultrasound would be applied under
image guidance to the brain region(s) of interest including the
key nodes of our computational framework. Importantly, this
approach could be seamlessly integrated into in-person therapy
session without disrupting the treatment workflow. Ultrasound
would induce drug release from the nanocarrier as it traverses
the blood volume of the region of interest. Then the freed drug
would enter the brain, crossing the intact blood-brain barrier as
it would otherwise normally do, but only at or near the sonicated
site (Figure 4C). Airan et al. have validated this approach in
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animal models."®” They are now advancing toward a first-in-hu-
man application of this technology, targeting ketamine delivery
to the anterior cingulate for chronic pain treatment.

Integration of focused ultrasound and other circuit-level
interventions with algorithmic models

Focused ultrasound used to directly modulate circuit function or
target drug delivery can be a powerful method to validate algo-
rithmic models and map their neural substrates. Let’s take the
idea of paranoid delusions being the product of abnormal hierar-
chical PPT as suggested earlier. With focused ultrasound and its
depth of precise focusing throughout the brain, we can selec-
tively target different nodes of the neural hierarchy to test such
hypotheses. By modulating excitatory-inhibitory balance in
higher sensory or lower associative areas, it may be possible
to enhance cognitive prediction errors sent to higher associative
centers. Similarly, reducing activity in regions generating highly
precise assumptions (e.g., hippocampus and medial PFC) could
also prove beneficial. Crucially, these interventions should not
rely solely on symptom reduction but should incorporate cogni-
tive tasks that clarify when and why an approach fails. Therefore,
having tasks that formalize slow and fast thinking and/or
bias against disconfirmatory evidence would be a welcome
approach.'“°

THE CHALLENGE OF DELIVERING NEW
NEUROSCIENCE INNOVATION TO THE CLINIC

For regulatory approval and insurance coverage by third-party
payers, interventions must demonstrate clear benefit in clinical
trials. This is complicated by the large magnitude of contextual
effects seen in most trials.'*"'“? If, as we posit, there are multiple
circuits and pathways, at different scales, likely contributing to
both the pathophysiology of disorder and mechanism of actions
of treatments, we must also accept that contextual effects
including the placebo effect and sequential effects of failed
drug interventions can dramatically impact future treatment out-
comes. We now know that several components of the placebo
effect, expectations, conditioning, and therapeutic alliances,
are mediated by, and themselves mediate, circuits involved
with many of the core pathophysiological features of mental
iliness."*® Directly related to this, changes in belief updating
and prediction error are thought to mediate part of placebo effect
as well as play a central role in the pathophysiology of disorders
like schizophrenia.'*~'“ It should therefore not be surprising to
see large placebo effect sizes with clinical trial designs that focus
on treatments targeting similar cognitive processes. When
adequately masked, it could be very difficult to distinguish the
effects of the drug or device from the behavioral or cognitive
interventions alone.

A key challenge in demonstrating the efficacy of novel treat-
ments is isolating the specific mechanisms driving clinical bene-
fits. This issue is exemplified by 3,4-Methylenedioxymetham-
phetamine (MDMA)-assisted therapy for post-traumatic stress
disorder (PTSD), where regulatory agencies struggle to deter-
mine whether the benefits stem from the drug’s plasticity-
enhancing effects, the therapeutic alliance with the treaters,
patient expectancy, or, we must be willing to consider, all or
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combinations of these factors.'*”'“® Asking such questions go
beyond simply proving whether the treatment has superior effi-
cacy over a placebo control. To combine therapeutics targeting
various scalar levels of pathology, future clinical trialists must
devise ways to disentangle these contributing factors, and regu-
latory bodies must develop new paradigms for paths to
approval. It is also likely that the field will have to come together
to better define the data needed to convince third-party payers.
Furthermore, considerations must be given to ways of easily
introducing these new modalities into existing healthcare deliv-
ery systems in a cost-effective manner. We have recently seen
several examples of novel treatments such as IN esketamine
for treatment-resistant depression that despite strong evidence
of efficacy has limited use due to problems with patient

access.'*°

CONCLUSIONS AND FUTURE OUTLOOK

Joan: Doctor, | can’t go back on the clozapine.

Doctor: Clozapine has helped you before, and it’s the
best option we have for you right now. Can you share
your concerns with me?

Joan: It’s too much for me. | do think it helps with voices,
but I’'m not me anymore.

Doctor: Can you expand on that Joan?

Joan: Sure—| totally see that it dulls the voices, and that
relaxes me ... somewhat. The issue is that | don’t feel
the decisions I’'m making are really mine anymore. Say |
wanted to go out for a walk or go to the store to get ice
cream. | normally know how to think about that choice,
but not when I’m on clozapine. Do you see what I’'m saying
Doc?

Doctor: | understand what you’re saying, Joan, and
think it is important we try to address this, but to be
honest, we aren’t able to offer a clear description of how
your decision-making may be affected with clozapine.
We’re working hard on this and are making some progress
on how decisions are affected in schizophrenia, but we
have a long way to go. In the meantime, let’s work together
on what medications we can use to give you some relief
from the voices, but also keep you feeling like yourself
and in control.

Contrasting the aforementioned conversation with that of
Robert is meant to illustrate the heterogeneity within schizo-
phrenia. There are individuals capable of eloquently describing
what they experience, yet research lacks the tools and frame-
works to fully capture these nuances. This underscores the
need for integrated models that account for the full breadth of
lived experiences in ways that facilitate individualized interven-
tions and mitigate issues of “illusory generalizability” where
group-based findings fail to reflect individual experiences. By
linking computational, neural, and behavioral data, we can
develop models that allow for more accurate predictions, appli-
cable to unique manifestations of disease states at the individual
level.”*® Moreover, computational models offer the potential to
bridge symptomatology and underlying neural mechanisms,
providing a clearer understanding of how specific brain circuit
disruptions translate into observable behaviors and symptoms.
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As we refine these models, they can assist in guiding the selec-
tion of personalized interventions—whether pharmacological,
neuromodulatory, or behavioral—by identifying strategies that
would be effective to individual’s unique cognitive and neural
profile. This personalized approach would permit real-time treat-
ment plan adjustments, resulting in better management of
schizophrenia’s evolving course.

In this piece, we have provided an integrative perspective that
centers algorithmic models of behavior as a critical node be-
tween brain science and mental health, using schizophrenia as
a case example. This node provides the necessary language to
translate symptoms into computational units and portray them
in a manner that can be independently targeted with different
treatment modalities. While astute clinicians already navigate
psychiatric complexities in a similar way, this approach offers a
structured framework that accommodates emerging advances
in neural measurements and interventions.

We envision a future where integrative, algorithm-driven
models revolutionize mental health care, particularly in treating
complex conditions such as schizophrenia. The next 20 years
hold immense potential for advances in treatment, but realizing
this potential requires a commitment to implementing frame-
works that capture the wide spectrum of patient experiences.
Only through this concerted effort from the larger clinical and
research community will we be able to address the needs of in-
dividuals like Robert and Joan in profound and transformative
ways, ultimately delivering the life-changing solutions that they,
and countless others, deserve.
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