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Abstract

The rapidly evolving field of computational psychiatry enables quantification of specific cognitive
processes, and their underlying mechanisms, in a translational and potentially scalable manner,
using a combination of data collection via mechanistically informed behavioral tasks and theory-
driven mathematical modeling. In parallel, transdiagnostic, dimensional approaches to psychiatric
diagnostics, such as RDoC and HiTOP, seek to facilitate links between clinical research and real-
world clinical reality, which rarely respects traditional diagnostic boundaries. These two
approaches are seldom combined. In addition, while most psychiatric disorders are defined by their
longitudinal course, our ability to predict symptom trajectories and tailor treatments to the
individual remains limited, in part due to a dearth of longitudinal data collected using assessments
sensitive to individual change over time. To address these gaps, the recently launched ‘Individually
Measured Phenotypes to Advance Computational Translation at Yale’ (IMPACT-Y) study is
collecting longitudinal data from a transdiagnostic cohort of 2400 individuals, using a combination
of ‘traditional’ clinical research methods (e.g., health records, standardized assessments) and more
novel computational approaches (e.g., behavioral tasks with demonstrated sensitivity to latent
constructs and to within-person change, spoken narrative data). Here, we discuss unique challenges
and opportunities in study design and analysis considerations of IMPACT-Y. Incorporating both
theory- and data-driven analytics, we hope that IMPACT-Y will provide an unprecedented
resource for characterizing longitudinal trajectories of core computational psychiatry constructs
(e.g., reward learning) within and between individuals, for parsing heterogeneity beyond
traditional diagnostic categories, and for linking inter- and intra-individual clinical variability to
underlying mechanisms.
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Introduction

Psychiatric disorders vary in both symptoms and longitudinal course [1]. Our ability to
predict trajectories and tailor treatments at the individual level—often referred to as ‘precision
health’—remains limited [2-5]. Current clinical tools, including diagnostic categories, rating
scales, and electronic health records, capture valuable information but fail to fully represent
heterogeneity or predict outcomes [5]. Standard approaches to diagnosis and prognosis aggregate
patients with diverse symptom expressions (and, conversely, with similar symptoms but presumed
different underlying etiopathologies), lack mechanistic specificity, and rarely index underlying
cognitive or neural processes that drive symptom trajectories. These challenges have been well
documented, and some alternatives suggested, by initiatives such as the Research Domain Criteria
(RDoC) [6, 7], the Hierarchical Taxonomy of Psychopathology (HiTOP) [8] and the Bipolar-
Schizophrenia Network on Intermediate Phenotypes (B-SNIP)[9]. However, more mechanistically
grounded approaches and corresponding data collection efforts are still needed.

Mechanism-focused research on mental illness typically relies on case-control designs,
which emphasize group differences but offer limited prognostic utility [10, 11]. Group-level
markers often do not align well with within-group measures and often have limited prognostic
value at the individual level [12-14]. Recent mechanism-focused initiatives have moved toward
more person-centered, longitudinal approaches. For example, repeated neuroimaging in the same
individuals can link brain changes to clinical trajectories [3, 10, 11, 15, 16]. However, while
mechanistically highly informative [17, 18], such densely sampled neuroimaging studies remain
costly and are unlikely into translate at scale to routine clinical practice.

Computational psychiatry offers a complementary path by using behavioral tasks that are
more affordable, mechanistically rich, and scalable [19-24]. The field combines theory-driven
models of cognition and biology with data-driven machine learning [25, 26], increasingly blending
the two to connect mechanistic insights with clinical prediction. Carefully designed, theory-based
tasks can measure specific processes in an objective and reproducible manner that is well-suited
for translational studies across preclinical, human experimental (e.g., drug challenge), and clinical
work, and thus represent valuable tools both for probing behavior and for moving towards
precision psychiatry. Mathematically modeling behavioral data can arbitrate between models of
underlying processes, and latent parameters from these models can capture key sources of

potentially informative variation (Figure 1A). The optimal model for a given task and individual
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may provide information about what underlying computational process is being used by an
individual (e.g., model-based vs. model-free learning), whereas individual differences in model-
derived parameters (e.g., learning rate, inverse temperature) may provide information about how
the individual implements that process (e.g., fast vs. slow learning rate, high vs low value
sensitivity) [27-29].

Computational approaches have been applied to learning, decision making, and social and
affective processes [30-40], and parameters from the resulting models have been used to tie
behavior to underlying brain mechanisms [33, 34, 36, 41, 42]. Notably, some of these parameters
have also been linked to prognosis, treatment response, and dimensional symptom measures,
suggesting potential for clinical utility [26, 36, 38, 42-49]. To date, however, most studies have
had modest sample sizes, often focusing on either single diagnostic groups or nonclinical
community samples [32, 35-38, 42-45, 48, 50-62]. These limitations constrain scalability, clinical
prediction, and generalizability. Moreover, while computational models applied to tasks targeting
single (often disorder-specific) symptoms or processes assessed at a single timepoint have
indisputably provided critical mechanistic insights [36, 63, 64], the ability of these approaches to
capture the multidimensional interplay of processes shaping psychiatric outcomes longitudinally
remains largely untested [23, 43, 65].

Recognizing these challenges, the NIH launched the IMPACT-MH consortium to harness
big data for precision psychiatry (www.impact-mh.org). As the first of the articles in this Special
Issue dedicated to IMPACT, we introduce one of its projects, the IMPACT study at Yale
(IMPACT-Y), which employs repeated multitask computational assessments in a large
transdiagnostic cohort (Figure 1B, Figure 2). By using IMPACT-Y as a touchstone, we aim to
highlight foundational study design and analysis considerations that support precision psychiatry

with an eye toward implementation in real-world clinical settings.

Figure 1

The IMPACT-Y study
Overview and goals

We briefly present the overall structure and goals of IMPACT-Y to provide a practical
grounding for the discussions that follow (see Figure 2). Its aims are to: (1) characterize
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longitudinal trajectories of computational processes across individuals and across traditional
disorder boundaries; (2) enhance prediction of individual mental health outcomes; (3) identify
biotypes, or data-driven subgroups with similar computational profiles — which may be
transdiagnostic [66]. To do this, IMPACT-Y will collect naturalistic and task-based behavioral
and clinical data from 1,800 individuals (Age 18-70) with a primary psychiatric diagnosis and 600
without one, across three waves of data collection, with longitudinal follow-up for two years
(Figure 2D).

Computational task battery

Details of the IMPACT-Y computational task battery are presented in Table 1A; additional
details on the protocol (e.g., additional task details, natural language processing assessments, etc.)
are in the Supplemental Materials. Task selection was guided by a workgroup of Co-Investigators
with expertise in computational psychiatry, with the goal of probing mechanistic constructs that
show robust relationships to psychiatric symptomatology, including reward processing, anhedonia,
apathy, Pavlovian approach, risk and loss aversion, and social cognition. Although not explicitly
organized around the RDoC structure, selected tasks map well onto major RDoC domains [6, 67]
(see Table 1A for the domains probed by each task). Multiple reward-related tasks were
intentionally included, given the centrality of reward processes in transdiagnostic models of
psychopathology and evidence that distinct reward-related latent parameters map onto different
symptom dimensions and exhibit different temporal dynamics [43]. Less well-covered domains
(e.g., social-affective processes) are supplemented with more conventionally used measures, such

as self-reports and assessments from the NIH Toolbox.

Outcome measures

To track disease course and treatment response, IMPACT-Y uses a combination of
transdiagnostic outcome measures and clinically derived indicators (see Table 1B for the list of
self-report, clinical and other measures collected). Primary outcomes come from the NIH Toolbox
[68-72], which provides validated, continuous measures of functioning and distress. These are
administered three times per year, with additional cognitive NIH Toolbox measures collected
annually. Secondary outcomes are derived from self-report and the electronic health record (EHR),

including changes in symptom severity, significant medical or psychiatric events, medication
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adjustments, and major shifts in socioeconomic or other social-determinant-of-health variables.
Together, these longitudinal data streams allow us to quantify treatment trajectories and relapse
risk in a clinically meaningful, transdiagnostic manner.

Below, we highlight relevant literature that informed our study design, introduce the

challenges and controversies it seeks to address, and discuss those it will not.

Figure 2

Transdiagnostic considerations
Determining model fit across subgroups

A core strength of computational psychiatry lies in its clear delineation of specific models
to explain particular cognitive processes. It is common practice to test multiple models in a single
dataset from a single task to study a single diagnosis. Here, identification of the optimal model
itself provides elucidation of mechanism—for example, revealing that momentary shifts in
happiness during a decision-making task depend on the history of expectations and reward
prediction errors [42, 46, 47, 73], as in Figure 1. Critically, the optimal model may change as a
function of participant characteristics, such as diagnosis or illness phase; differential model fit may
provide insights into individual and group differences [59, 74-76]. As one example, a recent study
revealed that while social learning task performance in healthy controls was best explained by a
model incorporating generalization of information from self to others and from others to the self,
task performance among individuals with borderline personality disorder was better explained by
a model that did not involve generalization between self and others’ information—despite both
groups exhibiting equivalent behavioral accuracy during task performance [75].

This example highlights a key question: are variations between individuals or populations
best reflected in variation in computational parameters within a shared model, or in differences in
the models themselves? Answering this question is not straightforward. A first step is to determine
whether the same model provides the best fit across groups. If not, parameter values cannot be
meaningfully compared, even if we impose the same model structure; interpretation should instead
focus on finding the best-fitting model within each group. That said, models may be nested, such
that differences between groups reflect differential expression of lower-level processes within a

supraordinate framework. Another approach is to use Bayesian model averaging, which allows
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weighting across multiple plausible models rather than selecting a single “best” one; this, too,
provides a way to characterize relevant sources of variation across groups. If the same model fits
best across groups, life is simpler: parameter values can be compared and may provide insights
into individual- or subgroup-level differences in transdiagnostic or otherwise heterogeneous
populations. Importantly, evaluating these questions requires attention to both procedural factors
that could bias our estimates (e.g., task order, digital literacy) and clinical/demographic factors
that may meaningfully contribute to heterogeneity (e.g., medication status, comorbid substance
use, sex, socioeconomic status). We will estimate their impact and report likely biases in parameter
estimates, and conduct sensitivity analyses across subgroups (e.g., male versus female) in theory-
driven models. For data-driven models, we will test for the effects of such variables as confounders,
colliders or mediators and adjust predictive models accordingly [77]. Finally, IMPACT’s
longitudinal, repeated-measures design enables exploration of causal relationships, for example

using path models, to identify key contributors, mediators, and moderators of outcomes.

Measuring transdiagnostic and dimensional constructs

Initiatives such as RDoC [6, 7] and HiTOP [8] have sought to formally address the
limitations of categorical diagnoses by developing dimensional and hierarchical alternatives [6-8,
78]. Recognizing that multiple different constructs (e.g., reward learning) are often implicated in
a single disorder and that a single construct is often implicated across different disorders, these
taxonomies seek to provide a more tractable link between clinical research and real-world clinical
reality in which the same psychiatric treatments and medications are often prescribed across
diverse diagnoses [6-8, 78-80]. Indeed, recent work has argued for taxonomies of psychotropic
medications that incorporate transdiagnostic symptom domains and underlying biological
mechanisms beyond and across diagnostic categories [80]. Integrative computational models that
link neural implementation (e.g., midbrain dopamine neurons and their projections to the striatum
and prefrontal cortex), algorithmic frameworks (such as temporal difference learning), and
computational manifestations (including delusional beliefs, hallucinations, or apathy) are well-
suited to inform refinement of such pharmacological taxonomies [19, 81-86]. As an example,
recent work has linked molecular abnormalities (e.g., NMDA receptor hypofunction and cortical

hyperexcitability) and information processing abnormalities (i.e., aberrant prediction errors and
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compensatory overweighting of priors) to describe the emergence of delusions and hallucinations
in psychosis [86], offering both a mechanistic account that bridges levels of analysis and testable
predictions about pharmacological interventions. Further transdiagnostic application of this
approach could elucidate how proposed mechanisms fit within hierarchical, dimensional models
of mental illness and drive symptom expression across diagnoses. Large, transdiagnostic datasets
measuring dimensional constructs and computational mechanisms, such as IMPACT-Y, are poised
to address this.

Dimensional computational psychiatry increasingly leverages large-scale data collection,
often online, to probe mechanisms [87-89]. By recruiting thousands of unselected participants and
combining self-report with task-based modeling, researchers have identified latent psychiatric
dimensions (e.g., compulsivity, anxious-depression) and linked them to computational
mechanisms such as altered model-based planning and metacognition [88]. A key issue is whether
findings from unselected samples generalize to clinical populations. Sometimes results align—for
instance, compulsivity relates to deficits in goal-directed control in both online samples [90] and
in patients with OCD [91]. Other times they diverge: online samples with high self-reported
autistic traits differ from clinically diagnosed individuals with autism in some symptom reports
and social decision-making [92]. These patterns highlight limits to generalizability and the need
to test whether computational parameters map onto dimensional traits in real-world clinical groups.

By recruiting a large, transdiagnostic clinical sample alongside a cohort of controls,
IMPACT-Y will provide the data to begin to answer these and other outstanding questions. While
some of the tasks included in our computational battery—such as those probing dimensional
constructs (e.g., reward effort [35], risk and ambiguity tolerance [33] and random dot motion tasks
[40])—are anticipated to have high relevance across multiple diagnoses (e.g., depression,
substance-use disorder, schizophrenia), others (e.g., the conditioned hallucination task[36]) may
only emerge as relevant to a single constellation of symptoms or participant subgroup. IMPACT-
Y aims to characterize these relationships, assess critical interactions within and between
constructs, identify contexts in which different measures map onto the same construct (i.e., global
or local redundancy), and establish which computational parameters reflect enduring traits versus

transient states.
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Leveraging theory-driven modeling and data-driven analytics to assess core processes at
scale
Considerations guiding theory-driven task selection and data-driven analysis

A central goal of IMPACT-Y is to inform the development of a practical, scalable, and
clinically useful assessment battery appropriate for large-scale administration. IMPACT-Y is
recruiting three consecutive large, transdiagnostic samples (Figure 1B, 2F), allowing for task
validation and refinement, with modifications informed by analysis of earlier waves. Optimal tasks
must meet several key practical requirements: At the level of data collection, tasks should balance
statistical power with reasonable length, remain deployable across settings and platforms, while
remaining accessible to individuals with varying cognitive abilities and robust to technical
constraints such as hardware and connectivity differences. At the level of computational parameter
inference, streamlined, automated pipelines, including the derivation of the target computational
model parameters, would be ideal to lower technical barriers, with analytic strategies that minimize
the number of trials required to yield robust estimates.

Data-driven analysis may enhance automation and facilitate integration with the existing
framework of clinical information collection (e.g., clinical impressions, EHRSs); but over-
automation (e.g., invariant application of a single model) may cloud or obscure underlying
mechanisms. Thus, the optimal approach will likely involve both data-driven approaches—such
as deriving generative embeddings [93, 94] or using principal component analysis for dimension
reduction—and theory-driven designs that provide mechanistic precision via mapping onto core,
interpretable constructs in a tractable manner [23, 24], with algorithmic extraction of selected
parameters (another form of data reduction) [21]. Finally, to have clinical utility, tasks must be
sensitive to intra-person changes (e.g., track changes in reward sensitivity relevant to shifts from
euthymia to mania) and/or track sensitivity to a given clinical intervention [15, 51, 95], and have
good test-retest reliability (e.g., yield consistent reward sensitivity estimates when administered
repeatedly during euthymia) [19, 23, 96].

These are not easy conditions to meet, and few (if any) existing computational tasks have
been disseminated at the scale required to test them [23]. As summarized in Table 1, many of the
tasks selected for IMPACT-Y’s core computational battery meet some of these criteria, such as
sensitivity to clinical change [43, 97] or transdiagnostic relevance [33, 36, 44, 60, 97]. Repeated

task administration enhances detection of within-person change and improves the reliability of
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computational parameters, which are often unstable in single sessions but more robust with

repeated sampling [98, 99].

Relating computational insights to diverse clinical outcome measures

Linking tasks to clinical trajectories requires equally robust symptom measures, scalable
across individuals. IMPACT-Y combines structured interviews, open-ended narratives, validated
self-reports, EHR, and NIH toolbox assessments. Each source has strengths and limitations: EHRs
provide integrated clinical data but often lack consistent symptom documentation; open-ended
narratives capture subjective experiences but may be difficult to quantify. By combining multiple
assessments, and by leveraging recent advances in Al and natural language processing (NLP) to
automate analysis of EHR and spoken narrative data [100-108], IMPACT-Y seeks to move
towards an integrated person-centered characterization of individual trajectories in both traditional
clinical and novel computational measures.

Critically, as with computationally derived task parameters, validation of resultant NLP-
derived features will also be required. Within the context of IMPACT-Y, this will include basic
validation of the NLP-pipeline itself, as well as conceptual validation across different patient
subgroups. For example, NLP models that have been optimized for use in healthy controls to
capture discourse coherence may fit well in individuals with affective disorders but fail in patients
with psychosis if linguistic disorganization manifests differently across these groups [109].

Using ‘computational snapshots’ to characterize individual trajectories over time
The need for multidimensional assessment

Most prior computational psychiatry studies have examined single psychological domains
and clinically homogenous samples. This ‘limitation’ has largely been by design: a key strength
of theory-driven work is its use of specific, testable hypotheses grounded in explicit theoretical
and mathematical frameworks [110], and these are best tested in ‘pure’ samples. Yet applying this
approach in clinical contexts, where presentations are heterogeneous and multiple processes
interact, requires a multidomain strategy that tracks multiple latent constructs across diverse
participants. This also enables identification of redundant constructs that appear prognostic in

isolation but overlap when considered together. As illustrated in Figure 3, such transdiagnostic,
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multidomain approaches can provide finer-grained behavioral subtyping and allow testing of
multiple theory-driven models within the same dataset.

IMPACT-Y adopts a ‘computational snapshot’ approach, indexing latent parameters from
theory-driven models in a multidimensional space that can be mapped onto clinical or other
individual difference factors [65] (Figure 3). This approach acknowledges that even conceptually
related parameters—such as preference for known versus unknown risk—may map differentially
onto the same outcome and/or may only explain limited variance alone and therefore should not
be considered in isolation [19, 43, 65, 111-113]. By situating individuals in a multidimensional
parameter space that captures latent information about multiple specific mechanisms,
computational snapshots provide a way to link behavioral variation to underlying processes—
something not possible with purely descriptive approaches. This and other multidimensional
approaches allow researchers and clinicians to parse heterogeneity in ways that diagnostic

classification systems cannot, in line with a dimensional approach to psychiatry [19].

The need for longitudinal, within-person sampling

Psychiatric illnesses rarely emerge fully formed but instead evolve dynamically over time
(e.g., delusions often precede hallucinations in early psychosis [114], late-life depression is
associated with an increased risk for dementia and Alzheimer’s disease [115]), and an emerging
account suggests that some temporal patterns may arise from interactions among parameters—for
example, when changes in prediction error signaling alter the reliability of sensory evidence, this
can in turn shift reliance on prior beliefs [86]. These dynamic interactions highlight how symptoms
may not simply appear in isolation, but instead emerge as sequential outcomes of interacting
mechanisms over time, further highlighting the need for multidimensional longitudinal data
collection. By collecting multiple ‘snapshots’, IMPACT-Y enables longitudinal tracking of how a
person’s constellation of computational features shifts over time or in response to clinical
interventions. Linking the trajectories of these snapshots to symptom changes over time using data-
driven analytics (Figure 3, panel B-D) offers a window into the mechanisms of illness progression
and recovery, with potential to identify periods when an individual’s illness burden or treatment
need is highest [116]. This approach complements traditional predictors from clinical assessments
and electronic health records, which capture valuable information but have limited explanatory

power [5, 117, 118]. In future work, longitudinal computational snapshots could also serve as a
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core clinical interface—for example, by summarizing changes in mechanistic parameters over time
and highlighting periods of elevated risk or treatment need—to support clinical decisions related
to illness progression and treatment (see [19] for additional discussion). Complementary
developments in digital phenotyping, which provide continuous and naturalistic behavioral
measurement [119], and in NLP and machine learning methods for analyzing unstructured patient-
reported outcomes in EHRs [120], highlight emerging directions for how computational
approaches could eventually integrate into decision-support workflows. We expect that IMPACT-
Y will provide practical experience in collecting and structuring longitudinal behavioral and
clinical data at scale, informing best practices for how such outputs might be organized, visualized,
and ultimately incorporated into clinician-facing dashboards or decision support tools in follow-

up work.

Figure 3

Capturing computational snapshots across different timescales and contexts

Psychiatric processes unfold across multiple timescales, ranging from transitory moment-
to-moment mood or symptom fluctuations to extended periods of illness or remission that can
persist for weeks to years. However, computational psychiatry has tended to focus either on within-
session fluctuations or on single-session aggregate parameters. Thus, for many tasks, whether
computational parameters are better understood as reflecting transient states or enduring traits is
unknown. Previous work has shed light on this issue for some, but not all, of the parameters
measured in our tasks, but repeated longitudinal assessment over multiple timescales (e.g., days to
months to years) is needed to more comprehensively address these questions.

It is not clear a priori what frequency of task administration will be the most informative
for tracking clinical change. Thus, as an initial starting point, IMPACT-Y incorporates a mix of
daily, monthly, tri-annual, and annual assessments, including randomization to daily vs. monthly
collection of smartphone task data. This should provide an initial foundation for dynamic, adaptive
sampling schemes that adjust to clinical state, increasing measurement frequency during periods
of instability and reducing it during stability—much like blood tests are ordered more frequently
when a patient is acutely ill and less often during remission. Importantly, different computational

tasks may vary in their sensitivity to short-term fluctuations versus longer-term change (Figure 4),
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so adaptive schemes will need to tailor sampling not only to the individual’s clinical course but
also to the temporal resolution of each task.

Collecting data across different timescales, with frequencies as high as daily, requires
leveraging approaches that make such designs feasible at scale. Unlike biological measures such
as brain imaging, which are difficult and expensive to deploy repeatedly, self-reports and behavior-
based predictors provide measures that are closer to patient experience and are easier to deploy at
scale, especially when almost every patient has a smartphone [121]. Data quality from decision
tasks delivered on smartphone is comparable to lab data [122], with much lower costs associated
with the longitudinal data collection needed to understand which patterns are stable risk factors
and which follow or predict symptom change [123]. Moreover, smartphone-based data collection
captures behavior as participants go about their daily lives, allowing the study of behavior in
naturalistic settings [123].

Model parameters may not always generalize across contexts or cleanly capture unique and
specific cognitive processes [124]. For example, some reinforcement learning parameters, such as
learning rate, vary across contexts and are entangled with several other parameters (e.g., working
memory) [29, 125]. Relatedly, caution is needed to avoid oversimplification when interpreting
findings within particular theoretical frameworks. For example, although the model-free versus
model-based reinforcement learning framework has been highly influential, a strict dichotomy can
distort research questions and lead to an unnecessarily narrow perspective on learning and
decision-making [89]. Ultimately, recognizing the limits of computational parameters and the
complexity of underlying mechanisms will be critical for ensuring computational models capture
the right constructs in the right contexts. We view IMPACT-Y"s longitudinal design as essential
for this purpose, as it enables data collection across multiple contexts and timepoints, serving as a
platform to validate the robustness and clinical utility of models and parameters over time.

Figure 4
Data-driven considerations
The breadth of IMPACT-Y will ultimately require data-driven models to elucidate complex

relationships within and between assessment domains (e.g., merging of computational and clinical

‘snapshots’). These may include conventional machine learning approaches including canonical
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correlation analysis (CCA) and CCA’s longitudinal extension, LCCA, as well as more advanced
deep learning-based methods including transformers and other pattern learning approaches [126-
131]. These approaches have multiple advantages in handling complex and large-scale data. First,
many high-dimensional datasets contain more variables than individuals (commonly known as the
‘p>n’ problem), a situation in which traditional linear regression models become infeasible. By
enabling dimension reduction via penalization or low-dimensional latent embedding, data-driven
approaches allow an end-to-end analysis for such datasets, where cross-validation (i.e., model
generation in training data and testing in held-out testing data) is incorporated to avoid over-fitting
and models further require validation in separate cohorts [5, 132, 133].

Reliance on hypothesis-driven univariate testing methods in well-powered datasets often
yields highly statistically significant associations that nonetheless explain little variance. Such
approaches may prevent detection of previously un-hypothesized relationships that are nonetheless
robust and generalizable [111, 127, 134-136]. Data-driven analytics may also be used to identify
critical sources of variance at the sub-group or individual-level, where such subgroups can be
unspecified, and determined in a data-driven way based on similar profiles across multiple diverse
measures, as in prior work in psychosis and depression [66, 137]. While the challenge of these
approaches again lies in their replicability and stability [138], failing to test for such subgroups
may lead to inaccurate statistical conclusions, as in Simpson’s paradox: A classic statistical
phenomenon in which an effect observed across different demographic or clinical subgroups is
reversed or disappears when considered within each subgroup separately [128] (for example, the
overall efficacy of antidepressants is reduced when considering individuals with both mild and
severe symptoms relative to only those with severe symptoms [139]). As testing of such effects
requires large amounts of data from heterogeneous samples, prior computational psychiatry work
has not been powered to detect for such demographic—or potentially computationally derived

(e.g., participants with high versus low sensitivity to reward)—subgroup effects.

Limitations

IMPACT-Y has several limitations. It does not include neuroimaging or
electroencephalogram (EEG), which could enrich mechanistic interpretations of computational
parameters. Due to practical time constraints, we are not measuring all possible domains (e.g.,

detailed family histories of psychiatric diagnoses) yet we will be revising the battery as we
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continue the study when possible to address such gaps. The task battery emphasizes decision-
making, with more limited coverage of interoception, perception, and social-affective domains.
We note this as a current limitation but emphasize that these domains are nevertheless still assessed
through existing tasks and standardized scales, and we may consider expanding these domains as
the study continues to evolve. By design, the IMPACT-Y computational battery yields few
parameters that map directly onto outputs from traditional, widely adopted tasks (e.g., delay
discounting). While this arguably constrains comparability with existing datasets, our
computational battery nonetheless measures core constructs that are tightly related to more widely
studied processes (e.g., reward learning and sensitivity, both constructs related to delay
discounting). Although the sample is large for computational psychiatry, it may be underpowered
to detect subtle effects or rare subgroups, and relatively few participants are assessed at the earliest
stages of illness, when changes may be most informative [86]. Relatedly, the sample includes only
adults, limiting generalizability to adolescents—a critical developmental window for the
emergence of many psychiatric disorders [140]. We note that other IMPACT sites, such as those
described in other manuscripts of this special issue, are specifically focused on developmental
cohorts. Finally, translational concerns remain, including how best to adapt these tasks for time-

limited clinical settings and integrate them into routine care.

Conclusion

IMPACT-Y is an ambitious step toward clinical computational psychiatry. By collecting
large-scale, transdiagnostic, longitudinal data, it aims to capture mechanistic processes underlying
psychiatric disorders and track them over time, informing prognosis, treatment response, and
relapse prediction. While gaps remain, IMPACT-Y lays the groundwork for computational
psychiatry that bridges mechanistic insight with clinical application. An important consideration
is the feasibility and validity of these tasks and models in real-world clinical contexts. As data
collection is already ongoing (baseline assessments completed for ~350 individuals as of
December 2025), IMPACT-Y is well-poised to begin to answer these initial questions.
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Figure titles and legends

Figure 1 — Schematic depicting traditional computational psychiatry research approach and
IMPACT-Y’s multi-task, longitudinal approach. A. Schematic diagram based on Marr’s three-
levels of analysis: the computational ‘goal’ level (process or behavior), the algorithmic modeling level
(model and parameters), the implementation level (underlying brain or other systems) (see [141]). To
enhance clinical translation and scalability, neuroimaging is not part of IMPACT-Y but is included in the
above schematic to reflect the centrality of the implementation level to computational psychiatry. Many of
the processes elicited by the tasks in the IMPACT-Y battery (Table 1A) already have established brain
mechanisms. B. Key elements of IMPACT-Y’s computational approach, including the use of multiple tasks
in a longitudinal manner, collection of data from a large transdiagnostic sample, and data collection across
three separate waves of 800 individuals, including 600 individuals with a psychiatric diagnosis and 200
controls in each wave, for a total sample of N=2400.

Figure 2 — Individually Measured Phenotypes to Advance Computational Translation at
Yale (IMPACT-Y). This two-year longitudinal study of 2400 individuals leverages recent advancements
in theory-driven computational models, natural language processing, clinical assessments and data-driven
analytics using a multi-wave transdiagnostic approach. Additional details on computational tasks are
provided in Table 1A and the Supplemental Materials. A. Theory-driven algorithmic models are used to
extract computational parameters mapping onto core latent constructs such as reward learning. B. Open-
ended narrative prompts are used to collect spoken language data for analysis using natural language
processing (NLP) algorithms, as in [102]. C. Clinical data are collected via a combination of structured
interviews, validated self-report scales, NIH Toolbox assessments and electronic health records (EHR). D.
We will recruit a large transdiagnostic cohort of 1800 individuals and 600 healthy controls (*controls not
shown in graph). Colors represent theoretical broad subgroups of participants, such as individuals with
chronic schizophrenia or at clinical high-risk for psychosis (red), recruited from 16 different research clinics.
E. Participants are assessed longitudinally for two years using a combination of computational, clinical,
NLP and cognitive assessments. F. We utilize a multi-wave design such that three cohorts of 800
individuals are followed in each wave. This allows for both replication of findings across independent
cohorts as well as continued refinement of the battery in later waves (e.g., a measure with very low clinical
predictive utility in Wave 1 may be replaced in Wave 2). G. Our overarching Specific Aims (predictors,
trajectories and biotypes) are support by data-driven analytics. SZ=schizophrenia; SZ*=high-risk for
schizophrenia [first-episode psychosis (n=90), clinical high-risk for psychosis (n=90)]; BD=bipolar
disorder; MD=major depressive disorder, PTSD=posttraumatic stress disorder; CS=chronic stress
disorders; MOUD=medications for opioid use disorder (i.e., individuals with opioid use disorder who are
in treatment); SUD=substance-use disorders (non-MOUD); ADHD=attention deficit hyperactivity
disorder; BPD=borderline personality disorder; ICD=impulse control disorder; OCD=obsessive
compulsive disorder; ASD=autism spectrum disorder.

Figure 3 — Using computational and clinical ‘snapshots’ to track trajectories in model-based
parameters. A-C adapted from [65]. A. Latent parameters extracted using theory-driven algorithmic
models, such as those in Table 1A, are summarized in a multidimensional radar plot representing an
individual’s ‘computational snapshot’.

B. Multiple snapshots are collected over time and at varying intervals. In this example, shapshots are
theorized to vary somewhat within-individuals over time in the absence of clinical change (e.g., healthy
controls, biotypes 1 and 2 that are chronic) but to be relatively stable on average and may differ between
meaningful subgroups (e.g., healthy controls, biotypes 1 and 2). During clinical change, as in ‘Person 2,
Biotype 1 in remission’, the evolution of snapshots is theorized to be more variable and to track with
changes in symptom presentation.

25



886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904

C. Evolution of the resultant snapshots may be tracked over time within individuals. Resultant trajectories
are summarized in a shared parameter space. Different colors correspond to different individuals.

D. Individual’s computational (left) and clinical (right) trajectories are represented as an individual points.
Data-driven analytics (e.g., longitudinal canonical correlation analysis, LCCA [126]) can then be used to
identify modes of covariation that most closely link computational and clinical trajectories across
individuals. Once identified, canonical modes (essentially equivalent to components in PCA) can be
mapped back to individual features enabling elucidation of factors driving associations (i.e., elucidation of
mechanism).

Figure 4 — Schematic examples of different timescales of within-person variability that may
be tested with IMPACT-Y. Different timescales of within-person variability are presented. At the most
fine-grained level, computational tasks capture moment-to-moment fluctuations in behaviors that may be
tied to momentary mood fluctuations, as in [142]. Between-session fluctuations (e.g., ‘day-to-day’) may
also occur, and these first two timescales have traditionally been the focus of trait-based computational
psychiatry research. By extending our data collection longitudinally and collecting complementary clinical
data, IMPACT-Y aims to capture state-based fluctuations in computational model parameters, enabling
explicit testing of which parameters are more trait- (i.e., stable within individuals over months to years)
versus state- (e.g., changing as a function of mood or symptom change) in a large transdiagnostic sample.
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Table 1A — Overview of primary computational tasks included in IMPACT-Y (additional details in Table S1; references in Sl)

Task (length; domain assessed) and description

Risk and Ambiguity Task (10min; uncertainty attitudes): Participants choose
between a sure reward and a risky or ambiguous lottery; models estimate risk
and ambiguity tolerance. [1]

Risky Decision-Making Task with Feedback (10min; reward valuation,
anhedonia): Participants choose between safe and risky options in the context
of potential gains and losses!'*'”). Models estimate mood as a weighted
combination of recent expected values and reward prediction errors; decision
parameters include risk and loss aversion and Pavlovian biases.

Reinforcement Learning Task (10min; reward learning, depression):
Participants learn which stimulus is more rewarding and report their happiness
after every few trials?* 2!, Models estimate mood as a function of baseline
mood and recent reward prediction errors; decision parameters include reward
sensitivity and learning rate; parameters estimated separately for gain and
punishment versions.

Reward-Effort Task (10 min; reward valuation, apathy): Participants tap to
catch fish; fish value changes periodically. . Models quantify the relationship
between reward history and both effort and mood.

Social Controllability Task (10 min; social, understanding of others):
Participants play a repeated ultimatum game where choices can influence
partner’s future offers (controllable) or not (uncontrollable). They rate
perceived control and affect. A forward-thinking framework is applied to
capture social influence and norm sensitivity. [27]

Social Craving Task (10 min; social): Participants choose between options
differing in the likelihood of leading to social-cue-rich environments and rate
their current social craving. Models link craving to cue-reactivity and
expectations, influencing future choices.

3-Option Probabilistic Reversal Learning Task (10 min; cognition; prediction
error): Participants form and revise associations between stimuli and outcomes
under unknown, changing reward contingencies[34-36]. A hierarchical Gaussian
filter (HGF) model is used to compare belief updating across individuals and
groups.

Conditioned Hallucinations Task (10 minutes; prediction error):
Participants are first conditioned to associate an auditory tone with a
visual stimulus, then later tested for conditioned hallucinations (i.e.,
hearing tones that were not actually presented)®*'’. A hierarchical
Gaussian filter (HGF) model is used to extract belief updating, prior
weighting, and prediction errors across trials.

Moving Dots Task (5 minutes; perception): Participants judge the direction of
moving dots with varying coherence levels; responses are modeled using a drift
diffusion model [44]. Data are analyzed with a drift diffusion model (DDM) using
reaction times and choices.

Transdiagnostic and clinical relevance

Widely used in healthy and clinical populations[1-10]; greater early-Llife stress is
associated with heightened ambiguity aversion[7]; ambiguity tolerance
prospectively predicts opioid-use[4]. PTSD symptoms linked to altered neural
encoding of value and greater ambiguity aversion in loss decisions [11, 12].

Affective dynamics are fit equally well in depressed individuals; baseline mood
parameters are correlated with depressive symptoms[18]; parameters for
Pavlovian approach are linked to phasic dopamine release[19]; risk aversion are
related to anxiety in some[20, 21] but not all studies[22].

Anhedonia is associated with greater reward sensitivity and reduced learning
rates[24].

Participants with higher apathy are more sensitive to changes in rewards rates,
which can be quantified in relation to effort(?°l,

Computation of social controllability involves ventromedial prefrontal cortex
(vmPFC) [27]; individuals with nicotine dependence[28] and ASD [29] showed
alterations in neurocomputations of social controllability; delusional ideation[30],
misophonia and obsessive-compulsive traits[31] are also associated with
aberrant neurocomputation of social controllability.

Socialisolation/loneliness is a key transdiagnostic symptom and a risk factor for
many poor mental health outcomes, including depression and anxiety[32].

Used in online[36] and clinical samples (high/low paranoia, patients with
paranoid delusions, schizophrenia ) [34, 37-39]. Computational parammeters
robustly track paranoia and cognitive mechanisms.

Effectively induce conditioned hallucinations (CH) among individuals with and
without psychiatric diagnoses; rates of CH vary by prior experiences of auditory
hallucinations (e.g., ‘hearing voices’), treatment-seeking status among individuals
with schizophrenia*!#2, and clinical risk for developing psychosis. [43]

Drift diffusion parameters, particularly drift rate, have been shown to be reduced
across a range of psychopathologies, including schizophrenia, OCD, depression,
and anxiety[45].

Test-retest reliability and sensitivity to change

Risk tolerance is stable in healthy controls
longitudinally[4, 13]; Ambiguity tolerance is predictive
of opioid use[4] and smoking[13] longitudinally during
treatment.

Replicated in a large group of unpaid participants on
smartphone app, and individuals with depression[18];
shows parameter stability across sessions within
individuals[23].

Parameters are stable (in the absence of symptom
change) over weeks to months.

Reward sensitivity is correlated with apathy [26];
parameters are stable (in the absence of symptom
change) over weeks to months.

The forward thinking model of social controllability
were replicated in an independent, large online sample
(n=1342)[27].

Simulation experiments revealed robust parameter
recovery; preliminary data from an online sample
(N=93) indicates experimental paradigm successfully
elicit higher social cravings[33].

High test-retest reliability between visits in healthy
controls; intra-individual changes in alighment with
changing delusion severity[40].

Individuals with more non-task-evoked auditory
hallucinations over time also exhibit higher rates of
task-induced CH; individuals without a change in
frequency demonstrated no change in task-induced
rates of CH[42].

Good test-retest reliability over 1-3 weeks (ICC = 0.64
[46, 47]), when symptoms are stable. Relation of drift
rate to a range of psychiatric symptoms is consistent
across conditions[48-50]:



Table 1B - List of self-report, clinical and other measures collected for IMPACT-Y (references in Sl)

Measure

Clinical Assessment

DIAMOND Diagnostic Interview

DIPD Diagnostic Interview
Self-Reports

Depression, Anxiety, and Stress Scale (DASS)

Brief Irritability Test (BITe)

Dimensional Obsessive-Compulsive Scale (DOCS)
WHO Adult AHD Self-Report Scale (ASRS)
Prodromal Questionnaire-Brief (PQ-B)

Peters Delusions Inventory (PDI)

Launay-Slade Hallucination Scale-Revised (LSHS-R)
Social Adjustment Scale (SAS)

Fagerstrom Test for Nicotine Dependence (FTND)
Alcohol Use Disorders Identification Test (AUDIT)
Drug Use Disorders Identification Test

Positive Valence Systems Scale (PVSS)

WHO Disability Assessment Schedule 2.0 (WHODAS 2.0)
DSM-5 Cross-cutting Symptom Measure

Patient Health Questionnaire (PHQ-9)

Generalized Anxiety Disorder (GAD-7)

Altman Self-Rating Mania Scale

Affect Intensity Measure (AIM)

Behavioral Activation for Depression Scale (BADS)
Childhood Trauma Questionnaire (CTQ)

Positive and Negative Affect(PANAS)

Mood and Anxiety Symptom Questionnaire (MASQ)
Behavioral Subscale of Apathy Motivation Index (bAMI)
Auditory Hallucinations Rating Scale (AHRS)

Green Paranoid Thoughts Scale (GPTS)
Massachusetts Adult Gambling Scale (MAGS)
UPPS-P Impulsive Behavior Scale

PTSD Checklist for DSM-5 (PCL-5)

NEO Personality Inventory (NEO)

Delaney Spirituality Scale

Domain-Specific Risk-Taking Scale (DOSPERT)
Menstrual Bleeding Questionnaire (MBQ)

Social Needs Screening Tool

Construct(s)

DSM diagnosis
DSM personality disorders

depression, anxiety, stress
irritability

obsessions and compulsions
attention

psychotic-like experiences
delusional thinking
perceptual experiences
socio-occupational problems
nicotine use

alcoholuse

substance use
reward/depression/anxiety
Health/disability

Mental Health

depression

anxiety

mania

affect

depression

trauma

affect

anxiety

apathy

psychosis

psychosis

gambling

impulsivity

PTSD

personality

spirituality

risk taking

menstruation

social determinants of health

Duration

45-60 min
30 min

42 items
5items
20 items
20 items
21 items
21 items
12 items
24 items
6items
10 items
11 items
21 items
13 items
23 items
10 items
7 items
5items
20 items
25items
28 items
15 items
10 items
6 items
7 items
18 items
15 items
59items
20 items
60 items
23 items
30items
4 items
18 items

Frequency

baseline
screening

yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly
yearly

Reference

(51]

(52]
(53]
(54]
(55]
(56]
(57]
(58]
(59]
(60]
[61, 62]
[63]
[64]
[65]
(66]
(67]
(68]
[69]
[70]
(71]
[72]
(73]
[74]
[75]
[76]
[77]
(78]
[79]
(80]
(81]
(82]
(83]
(84]



Cognitive Measures (NIH Toolbox)

Face-Name Associative Memory Test

Picture Sequence Memory Test

Dimensional Change Card Sort

Visual Reasoning Test

Computational Cognitive/Behavioral Battery

Social Craving Task

Social Controllability Task

Probabilistic Reversal Learning Task

Moving Dots Task

Adaptive matrices Task

Conditioned Hallucinations Task

Aversive Learning Task

Reinforcement Learning, Risky Decision-Making, Reward-
Effort, and Risk & Ambiguity Tasks, and Free Text Prompt

Natural Language Processing Battery
Open-ended/Free Text Prompts

Reading and Recall

Picture Description

Procedural Task

High-Density Behavioral Testing

Reinforcement Learning, Risky Decision-Making, Reward-
Effort, and Risk & Ambiguity Tasks, and Free Text Prompt

Outcome Measures (NIH Toolbox)
Anger/Hostility
Fear/Somatic Arousal
Fear/Anxiety

Apathy
Sadness/Depression
General Life Satisfaction
Meaning and Purpose
Positive Affect

Self-Efficacy

Perceived Stress
Companionship

Loneliness

Instrumental Support
Perceived Hostility
Perceived Rejection

Pain Interference Test
PROMIS-Sleep Disturbance
Genetic Sample

visual memory

episodic memory
executive function
executive function

craving, motivation

perceived control over others’ behaviors
cognition, prediction error

perceptual decision making and motion
intelligence and abstract reasoning
perception, prediction error

learning and avoidance

reward learning, depression, reward
valuation, anhedonia, apathy, uncertainty
attitudes

reward learning, depression, reward
valuation, anhedonia, apathy, uncertainty
attitudes

negative affect

negative affect

negative affect

negative affect

negative affect
psychological well-being
psychological well-being
psychological well-being
stress & self-efficacy
stress & self-efficacy
social relationships
social relationships
social relationships
social relationships
social relationships
sensation

sleep disturbance & impairment

7 min
3 min
4 min
7 min

20 min
10 min
20 min
5min
5min
20 min
20 min
50 min

10 min
4 min
4 min
2min

10 min
OR
50 min

2 min
2min
2 min
2 min
2 min
2min
2min
2 min
2 min
2 min
2min
1 min
2 min
2 min
2min
1 min
8items

yearly
yearly
yearly
yearly

yearly
yearly
yearly
yearly
baseline
yearly

yearly

3x/year
baseline/yearly
baseline/yearly
baseline/yearly

daily x 4 weeks
OR
monthly x 4
months

3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year
3x/year

(85]
(86]
(86]
(86]
(86]

(87]

[34, 37]

[41]

[85]
(88]
(88]
(88]
(88]
(88]
(89]
(89]
(89]
(88]
(88]
[90]
[90]
[90]
[90]
[90]
[91]
[92]



Blood or saliva sample <5 mins 1x
Smartphone Data
Smartphone app download digital phenotyping data <5 mins baseline



A. Traditional computational psychiatry approach
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