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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

e  We contribute a systems-level framework that organizes psychological and behavioral
modeling across nested levels of analysis (individual, dyad and small group, group,
with the societal level as an extension) and five modeling classes defined by unit of
analysis, modeling target, and direction of inference; we place system dynamics, in the
stock—flow—feedback sense used in this Special Issue, explicitly within that framework
and distinguish it from dynamical-systems modeling in general.

e  We contribute to systems methodology by comparing model families on assumptions,
data requirements, interpretability, and failure modes rather than on non-comparable
accuracy figures; by operationalizing the computational readiness of psychological
theories on two rubric-scored axes; and by treating the micro-macro aggregation
operator (mean-field, network, agent-based, or stock—flow) as an explicit and testable
modeling choice.

What are the main findings and/or the implications of the main findings?

e  Computational readiness, defined as the extent to which a theory can be implemented
in a model without adding assumptions the theory does not state, and not algorithmic
capability, determines where theory-informed learning is currently feasible; along
the ladder from individual to collective units the dominant use of models shifts
from estimation validated against the same units” data to simulation validated by
macro-pattern reproduction, and validation practice has not followed that shift.

e  The binding constraint on cross-scale modeling is multilevel data rather than model
capacity, and the evidence base is heterogeneous in quantity and methodological
quality, so claims of readiness must be indexed to a stated evidence tier rather than to
benchmark scores. Each of the four claims is given explicit boundary conditions and
the observations that would falsify it.

Abstract

Psychological and behavioral modeling turns cognition, emotion, and motivation into
computable quantities that can be related to observable behavior. The field has moved
from theory-driven rules to statistical machine learning, deep learning, large language
models (LLMs), and foundation models of cognition, but methods are fragmented, results
are seldom comparable, and the link between opaque predictors and psychological theory
is unsettled. This structured narrative review, reported with a PRISMA-style selection flow
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and an explicit evidence-tier coding, frames the field as a multilevel system. It organizes
research into five modeling classes (psychological states, behavioral capabilities, individual—-
environment interaction, individual dynamics, and group psychology), defined by unit of
analysis, target, and direction of inference, and it positions system dynamics, in the stock—
flow—feedback sense, as one model family within that scheme rather than as a synonym for
dynamical-systems modeling. We score the computational readiness of the theories that
supply model ontologies on two rubric-based axes, formal specification and measurement
maturity, and compare model families by assumptions, data needs, interpretability, and
failure modes. Four claims are defended, each with stated boundary conditions and
counterexamples: theory readiness, not algorithmic capability, determines where theory-
informed learning is feasible; the dominant use of models shifts from individual-level
estimation to collective-level simulation without a parallel shift in validation; multilevel
data, not model capacity, constrain cross-scale modeling; and readiness claims must be
indexed to a graded evidence base. We catalogue datasets, including small-group, dyadic,
and longitudinal-network resources, review applications in mental health, education,
decision support, and emergency management with their evidentiary status made explicit,
treat military use as an ethically bounded case, and turn five recurrent bottlenecks into
research-practice recommendations paired, where possible, with testable predictions.

Keywords: psychological and behavioral modeling; systems science; system dynamics;
multilevel modeling; computational psychology; theory-informed machine learning; model
validation; large language models

1. Introduction

Psychological modeling is a core means of understanding, predicting, and intervening
in human behavior, because psychological processes are an endogenous driver of the
actions people take [1]. It builds a bridge between psychological theory and computable
frameworks by turning latent constructs such as emotion, cognition, and motivation into
quantities that can be represented, simulated, and forecast [2,3]. As an interdisciplinary
field it has evolved from theory-driven rule-based modeling, through data-driven machine
learning, to a paradigm shaped by artificial intelligence (Al) and large language models
(LLMs) [4,5]. Its scope has widened in parallel, from individual traits and emotional
fluctuations to group-level phenomena such as consensus and behavioral emergence, and
further to societal processes such as environmental adaptation and cultural shaping.

Three shifts characterize this trajectory: from theory-driven to data-driven inference,
from static characterization to dynamic tracking, and from single-modality description to
multimodal fusion [6]. They have delivered clear gains in predictive accuracy, particularly
through spatiotemporal deep learning and, more recently, LLMs. They have also introduced
a persistent tension. High-capacity models often behave as black boxes whose internal
logic cannot be mapped onto psychological constructs, which limits both their scientific
value and their safe use in high-stakes settings [7,8]. The methodological landscape has
fragmented at the same time, so that comparable problems are attacked with probabilistic
graphical models in one piece of literature, deep sequence models in another, and agent-
based simulations in a third, with little cross-referencing and few shared benchmarks.

System dynamics and dynamical systems. Because this review appears in a Special
Issue on system dynamics, we state at the outset how we use two terms that are often
conflated. System dynamics (SD) denotes the specific modeling framework introduced by
Forrester and consolidated by Sterman, in which a system is represented by stocks, flows,
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delays, and feedback loops, typically as a set of coupled ordinary differential equations
at the aggregate level, and in which causal-loop and stock—flow diagrams are the primary
tools for building and communicating the model [9,10]. Dynamical-systems modeling is the
broader mathematical practice of representing any process by state variables and a law
of motion; it includes SD but also individual-level differential-equation models of affect
regulation, discrete-state models such as hidden Markov models, early-warning analyses
of critical transitions, and agent-based simulations. In psychology and public health, SD
proper has been used to map the feedback loops of major depressive disorder [11], to model
the hypothalamic—pituitary—adrenal stress axis [12], to represent self-regulation and goal
pursuit in organizational research [13], and to support population-health policy [14]; and
the comparison of SD with agent-based models has been used to study when aggregate
feedback structure suffices and when individual heterogeneity and network structure
matter [15]. In the first version of this review the term “system dynamics” was not part of
the search strategy, and SD models were not treated as a distinct family. In this revision
we added SD and related terms to the search (Section 2), we treat SD as a named model
family in the individual-dynamics and group classes (Sections 4.4 and 4.5), and we treat the
stock—flow formulation as one of the aggregation operators that connect levels (Section 3.3).
Throughout, “dynamical” refers to the broad practice and “system dynamics” to the
Forrester—Sterman framework.

Existing reviews address the fragmentation only partially. Surveys of affective com-
puting map the move from unimodal to multimodal analysis [6]; reviews of LLMs in
psychology catalogue emerging uses and risks [5,16]; surveys of agent-based modeling
with LLMs examine social simulation [17,18]. Each covers a slice of the field in depth, but
none offers a cross-scale account that connects individual cognition to group emergence
while remaining explicit about method assumptions and evidence quality. Three substan-
tive gaps lie behind that omission. Many models are validated by statistical fit alone and are
not constrained by prior psychological theory, so their outputs cannot be read causally [8].
Most paradigms deliver static snapshot predictions, so the long-horizon evolution of indi-
vidual states, such as stress recovery or cognitive change, and its coupling to group-level
emergence are rarely modeled jointly [19,20]. Models are typically trained on culturally
narrow data and deployed without adequate privacy and governance safeguards [21,22].
These gaps restrict deployment in exactly the complex, high-risk settings where reliable
psychological modeling would matter most.

This review responds with an organizing framework and with four claims that the
framework makes visible. The framework (Section 3) places research objects on nested
levels of analysis and sorts modeling tasks into five classes that share a single definition, so
that model families can be compared within and across classes on assumptions rather than
on non-comparable accuracy figures. The four claims are stated here in the form defended
in the rest of the paper. Two of them (C2 and C3) are stated more narrowly than in the first
version of this review, and all four are given boundary conditions and counterexamples in
Section 4.7; the claims are conclusions we draw from the reviewed literature, and we say in
each case what observation would count against them.

C1 Models inherit their ontology from a psychological theory, and theories differ sys-
tematically in computational readiness, which we define as the extent to which a theory
can be implemented in a computational model without adding assumptions the the-
ory does not itself state. Scored on the rubric of Section 3.1, that gradient, and not
the capability of learning algorithms, currently determines where theory-informed
learning (theory embedded as a constraint inside a learned function class) is feasible
(Sections 3.1 and 7.2).
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C2 Along the ladder from individual to collective units, the dominant use of models shifts
from estimation, in which model parameters, whether of a descriptive or a generative
model, are fitted to the same units” data and validated psychometrically, to simulation,
in which micro-rules are posited or borrowed and validated by reproducing macro
patterns. This is a shift in estimand and validation target, not in model form: forward-
form models are common at the individual level and inverse inference exists at the
group level. Validation practice has not followed that shift, and the psychometric
standards of the individual classes have no settled counterpart in generative simulation
(Sections 4 and 4.6).

C3 The binding constraint on cross-scale modeling is multilevel data rather than model
capacity. Resources that observe the same people both as individuals and as mem-
bers of a modeled collective exist, but they are few, short, small, and rarely record
the collective outcome that simulations target, so the aggregation operator and the
split between individual susceptibility and structural exposure remain unidentified
(Sections 4.5 and 5).

C4 The evidence base is heterogeneous in quantity and methodological quality. Single-
dataset accuracy is abundant, external validation is scarce, and randomized evidence
of benefit exists, at the time of writing, for one generative intervention, so claims of
readiness have to be indexed to an explicit evidence tier rather than to benchmark
scores (Sections 2 and 6).

The remainder of the paper is organized accordingly. Section 2 states the review
methodology, including the search strings, the selection flow, and the evidence-tier coding
used throughout. Section 3 develops the framework, scores the computational readiness of
the theories that supply model ontologies, and positions the review against existing surveys.
Section 4 compares model families class by class and closes with the boundary conditions
and counterexamples for C1-C4. Sections 5 and 6 cover datasets and applications, with
military use treated as a bounded and ethically flagged case. Section 7 converts five cross-
cutting bottlenecks into research-practice recommendations and, where the material allows
it, testable predictions.

2. Review Methodology

This is a structured narrative review rather than a systematic review with quantitative
synthesis, because the heterogeneity of methods, tasks, and metrics in this field makes
meta-analysis inappropriate. A narrative design does not, however, remove the need to
report how the literature was found, selected, and judged. We therefore report the search,
the selection flow, the coding scheme, and the evidence-tier rules below, following the
reporting logic of PRISMA 2020 and PRISMA-ScR [23,24], so that a reader can see what
the corpus does and does not cover and can reproduce or challenge the judgments that
rest on it. The full search strings, the list of included studies with their codes, and the
criterion-level readiness scores of Section 3.1 are provided as Supplementary Material.

Scope of “psychological” and “behavioral.” A study was in scope when it modeled
a psychological construct (a state, trait, capacity, process, or collective property that is
defined psychologically) from, or in relation to, an observable. “Behavioral” observables
were taken to include overt actions and choices, response times, verbal and written content,
nonverbal behavior (facial expression, gaze, posture, prosody), movement and trajectories,
interaction patterns (who interacts with whom, when, and how), and physiological signals
used as indices of a psychological state. Studies whose observable was modeled without a
psychological construct (for example, mobility forecasting driven by geometry alone) were
out of scope. Following one reviewer’s suggestion, we record for each included study both
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the construct and the observable, and the datasets of Section 5 are organized by construct,
unit of analysis, and observable rather than by modality alone.

Sources and search strings. We searched Web of Science Core Collection, Scopus,
IEEE Xplore, the ACM Digital Library, PubMed, PsycINFO, and arXiv. The original search
was run in March 2026 and updated in May 2026; the supplementary search for system-
dynamics work described below was run in August 2026. The core string combined a
construct block with a method block: (psycholog* OR behavio*r* OR affect* OR emotion* OR
cogniti* OR personality OR motivation OR self-requlation OR resilience OR group psychology OR
collective behavio*r*) AND (computational model* OR mathematical model* OR machine learning
OR deep learning OR neural network OR agent-based OR structural equation OR latent variable
OR hidden Markov OR dynamical system™ OR large language model* OR LLM). In response to
the Special Issue scope, the revised search added a third block for the system-dynamics
tradition: (system dynamics OR stock-and-flow OR stock and flow OR causal loop OR feedback loop
model*) AND the construct block. Fields searched were title, abstract, and keywords; the
language was English; publication years were 2015 to 2026 for the database search, with no
lower limit for records admitted by citation tracking (see corpus layers below). Backward
and forward citation tracking was applied to every record retained after full-text screening.

Publication types and preprints. Journal articles, conference papers with archival
proceedings, and books or book chapters were eligible. Preprints were eligible only from
arXiv, PsyArXiv, and OSF, only when published within the last three years at the time
of the search, and only when they (i) reported a computational model with an empirical
evaluation and (ii) had either at least 20 citations in Google Scholar at the time of screening
or a peer-reviewed successor that we could not yet cite in final form. Every preprint is
marked with the superscript “PP” at each citation in the text and tables and is coded at the
lowest evidence tier regardless of its citation count. Where a preprint has since appeared in
peer-reviewed form we cite the published version.

Screening and selection. Records were deduplicated by DOI and title. Title and
abstract screening and full-text screening were each carried out independently by two
authors against the criteria that a study (i) proposed or applied a computational model,
(i) targeted a clearly defined psychological or behavioral construct in the sense above, and
(iii) reported an empirical evaluation, a validated simulation, or a concrete application.
Purely qualitative work, opinion pieces without a modeling component, and studies whose
observable carried no psychological content were excluded. Disagreements were resolved
by discussion, and unresolved cases were referred to a third author. Figure 1 reports the
number of records at each stage and the reasons for exclusion at full text; the counts refer
to the search-and-selection process, not to the number of references cited, which is larger
because it includes the theoretical anchors and prior reviews described next.

Selection of representative studies within the included set. A narrative review
cannot discuss every included study, so we state the rule by which studies appear in
the text. For each model family within each modeling class, we cite (a) the study that
introduced the family or its standard formulation, (b) the study with the strongest evidence
tier for that family (Table 1), and (c) up to three recent applied studies chosen to span
different constructs or domains. The remaining included studies are listed, with their codes,
in the Supplementary Material. “Canonical empirical milestones” means studies in (a) or
(b) that are cited by at least two of the prior reviews.

Coding scheme. Each included study was charted on eight fields: modeling class
(D1-D5, by the assignment rule of Section 3.4); construct; observable; unit of analysis and
interaction structure (individual, dyad, small group, group, population); model family; data
modality; validation type (parameter recovery in simulation, in-sample fit, cross-validation
within one dataset, external or out-of-distribution validation, prospective validation, ran-
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domized evaluation); and evidence tier. Two authors coded each study; disagreements on
class, validation type, or tier were resolved by discussion and, when needed, by a third
author. The qualitative fields that feed the comparison tables of Section 4, namely core
assumption, data requirement, and characteristic failure mode, were drafted by one author
from the coded studies and checked against the source papers by a second.

Database search

Supplementary search Citation tracking

1 ] 1 I
1 I 1 I
= 1 I 1 !
= . ! . [ R R 1
‘g Web of Science, Scopus, | system-dynamics block: stock '} backward and forward from !
é PubMed, PsycINFO, IEEE 1 and flow, causal loop, feedback ! 1 every record retained after H
= Xplore, i loop (Special Issue scope) | 1 full text; no date limit |
2 ACM DL, arXiv; 2015-2026 Do |
| |
= n=1[3286] l n=[341] l n=1[205]
Records after duplicates removed
. . n=[2967]
- deduplicated by DOI and title
= l
3
= . . Excl
S Title and abstract screening cluded
two reviewers, independently; I off topic; no computational
disagreements resolved by discussion n=[2967] madle ;o Pyl comstin
n=[2347]
. l Excluded, with reasons
E Full-text assessment no computational model n=[178]
% computational model; defined construct; > construct not defined n=[92]
5 empirical or simulation result n=1[620] no empirical result n=[61]
preprint below threshold n = [40]
Studies included in synthesis
coded on eight fields; assigned to one
modeling class and one evidence tier n=[249]
i
E
) l v
=

Anchors and prior reviews

admitted by citation tracking
irrespective of date; not counted

Method-family studies

representative study for each
method (Section 4, D1-D5)

Applied studies, 2023-2026

five application domains; every
result carries its evidence tier

Bracketed counts are reported in the Supplementary Material with the full search strings and the coded list of included studies.

Figure 1. Selection flow of the review. Records at each stage of identification, screening, eligibility,
and inclusion, with the reasons for exclusion at full text. Dashed frames mark the two sources
added in this revision, the supplementary system-dynamics search and citation tracking. The
included set splits into the method-family studies that populate Section 4 and the applied studies of
2023-2026; theoretical anchors and prior reviews enter by citation tracking irrespective of date and
are not counted.

Evidence tiers. Because a recurring criticism of the first version was that preprint,
simulation, and in-sample findings were presented at the same level as replicated evidence,
every study is assigned one of four tiers (Table 1), and the tier is stated wherever a finding
is used to support a claim. The tiers grade the evidence for a finding, not the quality of
the study: a well-designed simulation study is tier E2 by construction. Where a section
discusses a cluster of studies, we state the highest tier present in the cluster and note when
it is E2 or lower.
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Table 1. Evidence tiers used throughout the review. The tier of a finding is stated in the text and
tables.

Tier Label Definition

Preprint or unrefereed report, or a peer-reviewed study

El Provisional . . » .
rovisiona reporting a model without an empirical evaluation

Peer-reviewed; evaluation by in-sample fit,
E2 Single-setting cross-validation within one dataset, or simulation
without calibration against independent real data

Peer-reviewed; evaluation on an independent dataset,
E3 Externally validated population, site, or period, or prospective validation, or
independent replication of the main result

Randomized or otherwise design-identified evidence
E4 Causally identified  that the model, or an intervention built on it, changes a
real-world outcome

Corpus composition. The included studies fall into four layers, and we report the
layers because they shape what the review can support. Theoretical and methodological
anchors were admitted by backward citation tracking irrespective of date, among them
prospect theory, the social-force model, the circumplex and appraisal accounts of emotion,
the Forrester-Sterman system-dynamics framework, and the transformer architecture,
because later work is unintelligible without them. Canonical empirical milestones, defined
above, supply the load-bearing evidence for claims that recur across sections. A layer of
prior reviews is used to position this one; we cite reviews to position and to summarize,
and we do not use a review as the sole support for an empirical claim. The largest layer
comprises applied modeling studies, predominantly from 2023 to 2026. This layer is recent
and reflects current practice, but it is correspondingly thin on replication: the majority of
its entries are tier E2, and several are preprints at tier E1. The composition is itself the first
indication of claim C4.

Synthesis. Retained studies were grouped into the five modeling classes of Section 3
by the assignment rule stated there. Because reported accuracies derive from different
datasets and protocols, we compare methods qualitatively, by assumptions, interpretability,
data requirements, and failure modes, and treat any numeric result as valid only within
its original dataset and protocol. Field-wide statements about frequency (“scarce,” “few,”
“most”) refer to the coded validation-type and tier fields of the included set, and the
corresponding counts are given in the Supplementary Material; where a statement refers to
the literature beyond the included set we say so and phrase it as an impression rather than
a count.

3. Framework and Theoretical Foundations

Psychological and behavioral modeling transforms internal processes (cognition, emo-
tion, motivation, decision-making) and overt behavior (action, interaction, coordination)
into computable, testable, and predictive models. It draws on mathematical modeling, ma-
chine learning, systems engineering, and control theory to represent the dynamic coupling
between psychology and behavior, and it supports applications in human—Al interaction,
decision support, organizational management, and emergency management. Figure 2
previews the review as a whole: the three historical paradigms, the four decisions that
define any model in this field, and the structure of the review with the section in which
each claim is defended.
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a Three paradigms and two trends that run against each other

D_’D Theory-driven rules e¢ Statistical learning o © Deep, LLM, and
(PP ¢ ® foundation models
D—»D hand-written equations ..‘ ¢ mappings learned from ° : general predictors and
and production rules behavioral traces generative agents
Predictive accuracy, scale, coverage low high
Theoretical transparency 'high low
b Four decisions that define any model (the columns of the comparison tables)
) QO Ontology e . e Representation z x Inference 7 Validation
— i '
. what is taken to o how it is encoded - which way the | ' 'what counts as
O O exist o ) _ estimate runs “--- success
simulate - estimate fit  held-out
¢ Structure of the review and where each claim is defended
§2 Methodology §3 Framework §4 Model families §5 Datasets §6 Applications §7 Agenda

search flow, evidence
tiers

readiness, levels, @@ @ @ @ multi-level resources tier per domain testable predictions

classes
A

T
: |

1
(Bl C1 theory readiness J C2 estimation - simulation C3 multi-level data C4 evidence tiers :
1

]
I 1

unresolved bottlenecks return to the theoretical agenda

Figure 2. Roadmap of the review. (a) The three paradigms the field has passed through; the two
wedges show predictive accuracy and coverage rising from left to right while theoretical transparency
falls. (b) The four decisions that define any model and that the comparison tables of Section 4 report as
their columns. (c) The sections of the review, the section under which each claim C1-C4 is defended,
and the five modeling classes D1-D5 that Section 4 compares; the dashed loop is the path by which
unresolved bottlenecks return to the theoretical agenda.

3.1. Psychological Theories as Modeling Substrates

Every computational model in this field inherits its ontology from a psychological
theory, whether or not that inheritance is acknowledged. A classifier that outputs one of
six emotion labels has adopted basic-emotion theory, and a regressor that outputs valence
and arousal has adopted the circumplex. Because such commitments determine what a
model can represent and how its failures should be read, we begin with the theory families
that recur as modeling substrates and with an assessment of how computationally ready
each family is. We define computational readiness as the extent to which a theory can
be implemented in a computational model without adding assumptions that the theory
does not itself state. One reviewer pointed out, correctly, that this cannot be a single
scale, because theories are ready in different ways: a trait theory may supply a validated
measurement framework and no dynamics, whereas a decision theory may supply a
generative process and only a thin measurement tradition. We therefore score readiness on
two axes, defined in the rubric below, and we use the first of them, formal specification,
to state claim C1. Table 2 reports both scores and the rule by which they combine, and
Figure 3 places every family on the two axes.
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GETTED
) Readiness for theory-
@ Psychological space informed learning
M2 @ Basic emotions @ Network psychopathology
ATid. Self-determination . High (F3)
 validated (] P P @ Circumplex affect @ Prospect theory I:\ theory can constrain the
Instruments ® oyt . ®s - . functional form now
ig Five traits equential sampling
@ Reinforcement learning .
s Medium (F2)
= constrains the output space;
= needs a dynamics step first
5
'é M1 @ Cognitive architectures
E Mmeasures exist, @ SOR schema @ Appraisal and coping @ System dynamics Low (F0-F1)
[} contested constrains (]Hl\, Inputs or
E @ Social force, contagion arrows, not the form
=
172}
ot
s
M does not raise readiness.
It fixes what a model can be
g . validated against: M2
Mo no family in the reviewed i &
no standard 0
measure Ilterature scores FO or MO support psyChOITletI‘iC
checks,

M1 families need a parallel
measurement program.

F1 F2 F3
named constructs, representational law of motion or
directed paths space or sequence generative process

Formal specification F (readiness follows F alone)

Figure 3. Two axes of computational readiness. The fourteen theory families of Table 2 placed by
formal specification F (columns) and measurement maturity M (rows). Readiness follows F alone,
so the column bands, not the rows, carry the low-medium-high grading; the outlined F3 column
holds the families that can constrain the functional form of a learned model, which is where theory-
informed hybrids have appeared first (claim C1). M fixes what a model can be validated against: the
M2 families in the upper row support psychometric validation, whereas the M1 families of the F3
column specify a process but need a parallel measurement program. No family scores FO or MO.

Emotion. Three competing accounts anchor affective modeling. Basic-emotion theory
posits a small set of discrete, universal emotion programs [25] and underwrites the categori-
cal labels of most recognition systems, including early artificial-psychology architectures [2].
The circumplex model treats affect instead as positions in a continuous valence—-arousal
space [26] and underwrites dimensional regression and the annotation schemes of most
physiological corpora. Appraisal theory, in Scherer’s component-process form, models
emotion as the output of a sequence of evaluations of an event’s relevance, implication,
and coping potential [27], with the Lazarus tradition supplying the parallel account for
stress [28]. The three are not interchangeable. Categorical and dimensional schemes are
computationally cheap but theoretically thin, whereas appraisal structure is expensive to
operationalize and is the only account that explains why a stimulus produces a given emo-
tion. Interpretable screening frameworks that pair learned features with psychologically
meaningful intermediate variables move in this direction [3], although the framework we
cite does not itself adopt an appraisal ontology. Affective computing as a research program,
that is, machines that recognize, model, and express emotion, was set out by Picard and
still frames the sub-area [29].

Personality and individual differences. The lexical tradition consolidates trait struc-
ture into the Big Five [30], which supplies the label space for essentially all text-based
personality prediction. Its instruments are among the most thoroughly validated in psy-
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chology, which is why personality scores high on the measurement axis of Table 2 even
though the theory states no dynamics.

Table 2. Psychological theory families as computational modeling substrates, scored on the two-axis
rubric. F: formal specification (FO verbal; F1 variables and directed relations; F2 representational
space or ordered sequence; F3 functional form or generative process). M: measurement maturity
(MO none; M1 partial or contested; M2 established). Readiness for theory-informed learning is high
if F3, medium if F2, low otherwise. The last column gives the criterion that fixed F.

Theory Family

Typical Computational Main

Operationalization Classes M Readiness Basis for F

Categorical emotion classifiers; Fixed label set; no

Basic emotions [25] discrete affect modules D1 2 2 Medium dynamics
. Valence-arousal regression; . Metric space; no law of
Circumplex affect [26] . . . D1, D4 2 2 Medium .
dimensional annotation motion
. . . T Ordered check sequence;
Ap}?ralsal and Appralsal—varlable pipelines; D1, D3 5 1 Medium check functions
coping [27,28] interpretable affect frameworks o
unspecified
Blg Five and lexical Trait lellbel spaces for text and D1, D2 5 2 Medium Five-factor space; no
traits [30] behavior prediction process
Similarity and Geometric representations . Exph‘at similarity .
. . A D1 3 2 High function over a metric
psychological space [31]  estimated from similarity data space
Pairwise Markov
Network Symptom-interaction network . random field or dynamic
psychopathology [32] estimation D1, D4 3 2 High network with stated
update rule
Parametric value and weighting . Parametric value and
Prospect theory [33,34] functions in choice models b3 3 2 High weighting functions
Sequential Drift-diffusion and D1 3 2 Hich Stochastic accumulation
sampling [35,36] preference-accumulation models & process with likelihood
Cognitive Production-rule simulation of task D1.D3 3 1 Hich fxstcelga:rllzgizfr?gfon
architectures [37] behavior ! & ysten y
equations
Remfprcement Rewa.rd-dnven policy and D2, D3 3 2 High Value and policy update
learning [38] learning models rules
System dynamics Stock-flow—feedback models of Coupled ordinary
4 y D4, D5 3 1 High differential equations

(stock—flow) [10,11]

aggregate psychological processes over stocks

Self-determination and
social-cognitive [39,40]

Named constructs and
D2 1 2 Low directed paths; no
functional form

SEM path structures; mediation
hypotheses

Cue — state — behavior path Three-stage path; stages

SOR schema [41] models D3 1 1 Low unspecified
. . Force equations;
Social force and Interaction-force and D5 3 1 High compartmental rate

contagion [42]

compartmental dynamics equations

How constructs are represented and measured. Three commitments cut across theory
families and are stated here rather than under any single family, because they apply to
the representation of psychological constructs in general. The first is the choice between
reflective latent variables, in which a construct is a common cause of its indicators, and the
network view, in which a construct is a system of mutually reinforcing components [32,43];
the choice is consequential because it changes what an intervention target is. The second is
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the geometric representation of psychological content, in which similarity judgments define
a space that models can inherit directly [31]. The third is measurement theory, comprising
classical test theory, item-response theory, and their Bayesian extensions, which provides
the validity apparatus on which any state- or trait-estimating model implicitly relies [44].
The second axis of the readiness rubric is built on this third commitment.

Judgment, decision, and cognition. Decision theory offers the most formally specified
substrates in psychology. Prospect theory specifies a parametric value function and proba-
bility weighting [33,34]; sequential-sampling models specify the full generative process for
choices and response times [35], with decision field theory extending the logic to dynamic
preference [36]; dual-process theory organizes when deliberative rather than intuitive
processing dominates [45]; and cognitive architectures such as ACT-R specify the mind
at the level of production rules and memory modules [37], with the rational analysis of
memory supplying an explicit law for forgetting and retrieval [46]. Reinforcement learning
supplies the shared formal language of learning under feedback and is unusual in being
simultaneously a psychological theory, a neuroscientific hypothesis, and an engineering
toolkit [38]. Executive control and attention have a strong measurement tradition built on
latent-variable models of task batteries [47] but a thinner generative one, while their formal
models remain few; these constructs enter the review in Section 4.1.

Motivation, self-regulation, and social behavior. Self-determination theory, built
on competence, autonomy, and relatedness [39], and social-cognitive theory, built on
self-efficacy and observational learning [40], dominate the applied structural-equation
literature of Section 4.2, while the stimulus—organism-response schema [41] organizes
person—environment work in Section 4.3. At the collective level, the social-force analogy [42]
and contagion metaphors ground the mechanistic crowd and opinion models of Section 4.5,
and the stock—flow—feedback formulation of system dynamics supplies a further substrate
for aggregate psychological processes such as the accumulation and depletion of stress or
motivation [10,13].

The consequences of this inheritance are practical, because the ontology fixes what an
error means. Consider one interview corpus modeled three ways. Under basic-emotion
theory the output is one of a small number of labels, and confusing sadness with fatigue
is a category error of the same weight as confusing sadness with anger [25]. Under the
circumplex the same confusion is a short displacement in valence-arousal space and is
barely penalized, whereas a sign error in valence is severe [26]. Under an appraisal ac-
count neither is primarily a labeling error, since the model has misjudged the evaluation
that produced the response, and the diagnostic question becomes which appraisal was
mis-estimated [27]. The three models can be trained on identical data and report similar
aggregate accuracy while disagreeing about what has gone wrong and about what should
be repaired. This is the first reason the present review compares model families by as-
sumptions rather than by reported accuracy: accuracy figures computed under different
ontologies are not commensurable.

Readiness rubric and rating procedure. Two axes are scored for each theory family.
The formal-specification axis F records how much of the mapping from psychological process
to observable the theory states: F0, verbal only; F1, names the variables and the directed
relations among them (a path structure) but no functional form; F2, specifies a represen-
tational space, label set, or ordered sequence with enough structure to constrain what a
model may output, but not how it changes; F3, specifies a functional form, update rule, or
generative process from which behavior can be simulated. The measurement-maturity axis
M records whether the constructs can be measured in a way that supports validation: MO,
no standard instrument or paradigm; M1, instruments or paradigms exist but psychometric
evidence is partial or contested; M2, standardized instruments or task paradigms with
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established reliability, validity, and, where relevant, invariance evidence. Readiness for
theory-informed learning, the quantity used by claim C1, is a function of F alone: high
if F3, medium if F2, low if FO or F1. The rule is stated so that it can be disputed: a reader
who believes that a path structure is enough to constrain a learned model will assign high
readiness at F1 and will disagree with C1 at exactly the point where the disagreement lies.
M does not enter the readiness rule but governs how the resulting model can be validated,
which is why it is reported. Two authors scored the fourteen families independently against
the criteria; initial disagreements occurred on 3 of 28 scores, all at the boundary between
adjacent formal-specification levels, and were resolved by discussion, with the criterion-
level justifications recorded in the Supplementary Material. The scores are rubric-based
judgments, not measurements from a validated instrument, and C1 is qualified accordingly
in Section 4.7.

The rubric makes the pattern in Table 2 and Figure 3 explicit. Prospect theory, sequen-
tial sampling, and reinforcement learning are F3 and can constrain a learned model directly.
Basic-emotion, circumplex, and Big Five theories are representational commitments (F2)
that constrain label spaces but not dynamics, even though their measurement tradition is
at least as strong. Self-determination and social-cognitive theories are F1: they name con-
structs and directed paths, and their operationalization in path models is a loose translation
in which the theory constrains arrows but not functional form. Network psychopathology
is F3 because the estimated object is a Markov random field or a dynamic network with
a stated update rule, which is what distinguishes it from the F1 path theories despite the
superficial resemblance of both to a graph. This gradient on F, rather than any property of
learning algorithms, is the main reason that theory-informed hybrids have appeared first in
memory and decision modeling [48] and remain rare in motivation and social psychology.
The gradient on M explains a second pattern: the classes with the strongest validation
practice (D1, D2) are those whose substrates are M2.

A second consequence concerns validity. Every model in the individual classes is
estimated against an instrument, usually a scale or an annotated label, and the instrument
is not the construct. Measurement theory supplies the apparatus that keeps the two apart
through construct validity, reliability, and measurement invariance across groups and
occasions [44]. Two results show how much this still matters in computational practice.
Tasks with large and replicable group-level effects can have poor individual-level reliability,
so a model fitted to individual differences may be fitting noise unless estimation is designed
for that regime [49]. Self-report instruments are also open to strategic distortion, which
forced-choice designs and formal faking models were developed to detect [50]. A model
that faithfully reproduces a distorted or unreliable score has succeeded at the wrong task,
and no interpretability method applied after the fact repairs that.

3.2. Anatomy of a Model: Four Decisions the Review Compares

Methods in this field arrive from psychometrics, cognitive science, statistical physics,
systems engineering, and machine learning, and they are rarely described in a common
vocabulary. To compare them at all, we describe any model by four choices, shown in
panel (b) of Figure 2.

Ontology. What is taken to exist and therefore to be estimated: six discrete emotion
programs, two affective dimensions, a set of appraisal checks, a symptom network, a drift
rate, a stock of accumulated stress. This choice is inherited from theory in the sense of
Section 3.1, and it is the choice most often left implicit.

Representation. How the ontology is encoded in a computable object: a reflective
latent variable, an undirected network, a set of production rules, a differential equation, a
stock—flow structure with feedback loops, a geometric space, or a natural-language persona.
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Two models may share an ontology and differ entirely here, as categorical affect does when
it is encoded as a softmax output rather than as a discrete state in a Markov chain.

Inference. Which way the estimate runs. Inverse inference recovers a latent quantity
from observed behavior; forward inference instantiates a posited quantity and generates
behavior from it. The two are not exclusive: a generative model such as the drift-diffusion
model is forward in form but is used inversely when its parameters are fitted to a person’s
choices. What varies across the five classes is the dominant use, which is the subject of
claim C2.

Validation. What counts as success: recovery of known parameters in simulation, con-
struct validity against an established instrument, out-of-sample prediction, or calibration
against real collective data. Validation is where the field’s practice is least standardized.
Section 4.6 argues that the standard actually applied in a class tends to be the one inherited
with the dominant use, rather than the most severe test the available data would permit;
“severe” here means a test that the model could fail and that would distinguish it from
alternatives.

Reading the historical paradigms through these four decisions clarifies what changed
at each step. Rule-based modeling fixed ontology and representation by hand and validated
by qualitative correspondence to known phenomena. Statistical learning kept the ontology,
typically a questionnaire score or an annotated label, but replaced the hand-specified
representation with a learned one, which is why the accuracy gains were immediate
and the interpretability loss was equally immediate. Theory-informed learning re-imposes
theory at the representation layer while keeping a learned function class [51,52]. Foundation
models of cognition go further and blur the first decision, because the ontology is no longer
a small set of declared constructs but whatever the training corpus induces [53], which is
why the dispute they provoke is about explanation rather than about fit [54,55]. System
dynamics sits at the opposite end of the same spectrum: ontology and representation are
fixed by hand as stocks and loops, and validation rests on reproducing reference modes
and on structural tests of the loops [10]. The comparison tables of Section 4 report the
first, second, and fourth of these decisions as their assumption, data-requirement, and
failure-mode columns, and the third organizes the classes themselves.

3.3. Cross-Scale Research Objects

The field’s research objects sit on a ladder of nested levels that differ in their char-
acteristic constructs, observables, and timescales (Figure 4). One reviewer asked us to
separate constructs from observables and to state which levels the review actually covers
in depth; we do both here. At the individual level the constructs are states (emotion, stress),
traits (personality, values), capabilities (resilience, self-regulation), and processes (atten-
tion, memory, decision); the observables range from millisecond physiological signals and
response times through language, facial and vocal expression, and smartphone traces to
multi-year survey waves. At the dyadic and small-group level, which the first version of
this review did not treat separately, the constructs are interpersonal and interaction-borne:
rapport, synchrony, trust, leadership emergence, and shared affect; the observables are
turn-taking, joint physiology, gaze and posture coordination, and communication content.
At the group level the constructs are cohesion, consensus, contagion, and collective risk
perception, whose defining property is that they are not attributes of any single member;
the observables are interaction structure, message cascades, and joint trajectories, and
coordinated movement is one such observable rather than a construct. The societal level
concerns slowly varying distributions of values, trust, well-being, and norms observed
through repeated surveys and large-scale digital traces. This review covers the individual
and group levels in depth and treats the societal level as an extension of the group level: at

https:/ /doi.org/10.3390/systems14101327


https://doi.org/10.3390/systems14101327

Systems 2026, 14, 1327

14 of 53

that resolution the modeling targets are the same collective properties observed through
sparser instruments, and the literature that models them with the methods reviewed here
is thin. The framework is therefore best read as a two-level framework, individual and
group, with the dyad as the smallest collective and the society as the largest.

Why the levels must be linked. Single-level models are partial, but that is not by
itself a reason to link levels. The reason is that several questions cannot be posed, let alone
answered, without data at more than one level. First, whether a collective outcome is
driven by individual susceptibility or by structural exposure: emotional contagion in a
team can arise because some members are easily influenced or because of who talks to
whom, and the two explanations have different intervention targets but the same aggregate
signature. Second, whether an intervention that changes individual states changes the
collective outcome: a stress-reduction program validated on individual scores may or
may not change team performance, and the cross-level effect is the quantity of interest.
Third, which aggregation operator holds: mean-field, network-mediated, agent-based, and
stock—flow operators (below) make the same macro predictions in many settings and differ
only in what they predict when the interaction structure or the heterogeneity of members
changes. Fourth, the direction and timescale of the downward path, that is, how quickly
norms and feedback constrain individual behavior. Each of these is a question about a
cross-level parameter, and Section 5 states what would have to be measured, and at what
resolution, to identify it.

Two properties of the ladder shape everything that follows. The levels are coupled in
both directions, since individual states aggregate into collective phenomena while group
and societal contexts constrain individual behavior through norms and feedback. The levels
also differ systematically in measurement resolution, with dense signals at the bottom and
sparse aggregates at the top, which is why the micro-macro linkage identified in Section 4.6
as the field’s binding data constraint cannot be solved at the modeling layer alone.

Aggregation operators. Coupling between levels is itself a modeling choice with
testable assumptions, and five operators account for most of the literature. Mean-field and
compartmental formulations replace the population with densities and assume that any
two members interact with equal probability [56]. Stock—flow formulations, the system-
dynamics operator, likewise work at the aggregate level but represent the accumulation
and depletion of a quantity through explicit feedback loops and delays rather than through
contact rates, and they are the natural choice when the collective process is a slow accumula-
tion, such as the build-up of burnout or the erosion of trust, rather than a contagion [10,14].
Network-mediated formulations retain who is connected to whom and let structure carry
the aggregation, an assumption that large field experiments on behavioral spread have
tested directly [57]. Agent-based simulation abandons closed form and aggregates by
execution, which admits heterogeneous members at the cost of analytic transparency [58].
Statistical multilevel models are the most conservative option, since they do not derive the
macro level at all but estimate how much variance sits between groups [59]. Direct com-
parisons of these operators are rare but informative: the same diffusion process modeled
as a stock—flow system and as an agent-based network model gives matching aggregates
when the network is well mixed and diverging ones when it is clustered or heteroge-
neous [15], which is a test of the operator rather than of the psychology. Applied work
rarely compares its operator against the alternatives, yet the operator determines whether
an emergent pattern has been explained by interaction structure or merely reproduced by a
well-chosen density.

Timescale matching. A process can be recovered only if it is observed faster than
it moves. Early-warning indicators of state transitions require sampling faster than the
dynamics they track [60], which is why ecological momentary assessment rather than
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annual survey waves is the enabling instrument for the dynamic class [61], and why
between-person cross-sections cannot substitute for within-person processes however large
the sample [62]. Timescale mismatch is the most common way in which a study at one
level fails to speak to the level it claims to address.

Level Constructs (latent) Observables (recorded) Timescale Dominant use Coupling
I
eeocoo00 . . ) 1
S Societal public mood, norms, platform aggregates, months— 3 I
000 0ee SXENSON of the group  polarization, well-being repeated surveys, registries years 5 I
level g I
z [V |

o [=]
T g
= E

0000 <! &
Group / crowd cohesion, consensus, interaction structure, hours— i X 2 g |
0000 : ; A . . . . simulation - s |
0000 many interacting contagion, collective risk message cascades, trajectories weeks 2 S
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< ;_-; |
<> = =1
o 0 Dyad / small gfoup rapport, synchrony, trust, turn-taking, joint physiology, seconds— w g i_ :
. . smallest collective shared affect gaze, meeting audio—video hours & Z
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at EMA resolution at interaction resolution collective outcome

Figure 4. Ladder of levels of analysis. Rows are the nested levels, with the dyad as the smallest
collective and the societal level (dashed) as an extension of the group level rather than a third level
reviewed in depth. The columns separate the constructs that are modeled from the observables that
are recorded, and give the characteristic timescale and the dominant use of models, which changes
from estimation to simulation between the dyadic and the group rows (claim C2). The two arrows
at the right are the coupling directions: the upward path is carried by one of the five aggregation
operators of Section 3.3, the downward path by norms and feedback. The band at the foot states the
three components that a multilevel resource must record for the same people, which is the constraint
of claim C3 (Section 5).

3.4. Five Modeling Classes: Definition, Assignment Rules, and Scope

To organize methods without forcing them into a single disciplinary silo, we charac-
terize every modeling task by the same triple: the unit of analysis that carries the modeled
property, the target that the model estimates or generates, and the direction of inference that
relates target to observation. Applying the triple yields five classes. For an individual
unit, the target is either the current value of a psychological variable (D1, individual psy-
chological states), the capacity that governs behavior under demand rather than at rest
(D2, individual behavioral capabilities), the coupling between the person and a specified
context (D3, individual-environment interaction), or the law of motion that governs how
the variable changes (D4, individual dynamic change). For a collective unit, the target
is a property that no member possesses individually (D5, group psychology). The first
version of this review called these five “dimensions.” A reviewer observed that they are
not independent axes along which a study can be located but categories into which a study
is sorted, and that the scheme was more plausibly defined first and described by the triple
afterwards than derived from it. We accept both points. We now call them modeling classes,
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we present the triple as the assignment rule rather than as a derivation, and we withdraw
the claim that the classes are jointly exhaustive: they cover the included literature, and we
have not tested whether independent raters would assign boundary cases to them with
adequate agreement, which is the test that a claim of exhaustiveness would require.

Assignment rules for boundary cases. Several overlaps noted by the reviewers are
real, and the following rules state how we resolved them. States and traits both fall in D1
because D1 is defined by the estimand, a person-level value at one time, not by its stability;
the state—trait distinction is a difference of timescale that D4 handles by asking whether a
law of motion is the target. Resilience and self-regulation are assigned to D2 rather than
D1 when the estimand is a response to demand, that is, when the model uses behavior
under load, over repeated occasions, or after a perturbation; when the same constructs are
scored from a questionnaire at rest they are D1 estimands. Person-environment interaction
is present in some form in almost every model, so D3 is assigned only when the context is a
modeled variable with its own parameters, such as a cue whose effect on state is estimated,
an environment with a stated transition function, or an exposure with a dose-response
form, and not when context enters as a covariate. Dyadic and interpersonal processes are
assigned to D5 with the dyad as the smallest collective, because the estimand, such as
synchrony or rapport, is a property of the pair rather than of either member; where a study
estimates one partner’s state from the interaction, it is D1 or D4. A model that reports affect
at time t belongs to D1 even when fitted to a time series, whereas a model whose parameters
describe how affect at t produces affect at t + 1 belongs to D4. A persona-conditioned agent
is assigned to D2 when the object is the enacted capability of one simulated person and to
D5 when the object is the pattern generated by a population of them.

Two consequences of the definition matter for the rest of the review. First, classes are
fixed by the target rather than by the algorithm, which is why the same technique, whether
hidden Markov models, structural equation modeling, agent-based modeling, system
dynamics, or reinforcement learning, legitimately appears in more than one class. This
target-first organization complements rather than replaces the algorithm-first taxonomies
common in affective computing and computational social science [6,18], and it makes the
recurring cross-class role of a small set of model families visible (Figure 5). Second, the third
element of the triple, the direction of inference, is the subject of claim C2, which Section 4
develops class by class.

Table 3 states the resulting definition for each class. Read as a whole it shows the
pattern that claim C2 names in its revised form: the unit of analysis changes once, between
D4 and D5, and with it the canonical estimand changes from a quantity attached to a
person and validated against that person’s data to a set of rules attached to a population
and validated against a macro pattern. The direction column records the dominant use,
not the only one: inverse inference at the collective level (estimating cohesion, collective
affect, or network parameters from interaction traces) and forward-form models at the
individual level (drift-diffusion, reinforcement learning, cognitive architectures) both exist
and are listed.

The framework also carries a consequence that could turn out to be false, which we
state so that it can be checked. If classes are the right unit of organization, then methods
should transfer more readily within a class than within an algorithm family: a laboratory
built to estimate one latent capacity should adapt faster to a second capacity than to a
group-level simulation task, even when the second task uses the same architecture. Where
that fails, the target-first organization is the wrong cut and an algorithm-first taxonomy
would serve better.
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Figure 5. Method families across the five modeling classes. Filled markers mark the classes in
which a family is a primary tool, open markers a secondary or occasional use. Several families
recur across four or five classes, which is why a target-first organization is more informative than an
algorithm-first one. System dynamics is listed as its own family. The two right-hand columns give
the dominant use of each family and the validation target that comes with it; the wedge at the foot
shows the shift from estimation validated against the units” own data (D1) to simulation validated by
macro-pattern reproduction (D5), which is claim C2 in its revised form.

Table 3. The five modeling classes defined by unit of analysis, modeling target, and direction of
inference. The direction column gives the dominant use and, in parentheses, the secondary use that
also occurs in the included literature.

Class Unit Modeling Target Dominant Use (Secondary) Canonical Estimand
Current value of a Estimation (forward-form Posterior over a latent
D1 States Person psychological variable, process models fitted to the ~ value given behavior at
whether state or trait person’s data) one time
Capacity that governs Estimation (generative Capability parameter or
D2 Capabilities  Person behavior under demand rather agents that enact a path coefficients linking
than at rest capability) antecedents to conduct
. Coupling between Estimation (simulation of Response function from
. Person in a . . . .
D3 Interaction environmental input and the person-environment cue to state to behavior, or

modeled context psychological response loop) a learned policy
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Table 3. Cont.
Class Unit Modeling Target Dominant Use (Secondary) Canonical Estimand
. Estimation (forward Transition parameters
. . Law of motion of the . . .
D4 Dynamics Person over time . . simulation of stock—flow or  such as autoregression,
psychological variable - . Lo

dynamical models) drift, or dissipation rate
Simulation (estimation of Micro-rule or loop

D5 Grou Dyad, group, or Property that no individual cohesion, collective affect, parameters that reproduce

P population member possesses or network parameters from  an observed macro

traces) pattern

3.5. Scope and Exclusions

Three boundaries keep the framework from expanding into neighboring fields, and
stating them makes the review’s coverage checkable. We include a study only where a
psychological or behavioral construct is explicitly modeled, so neural decoding that predicts
a stimulus class without a psychological construct, sentiment classification treated purely
as a text-labeling benchmark, and clinical trials that report an outcome without a model all
fall outside the scope even though each borders it. We exclude modeling of behavior that
carries no psychological content, such as mobility forecasting driven by geometry alone.
Two adjacent fields, computational psychiatry and computational social science, overlap
the framework. A reviewer rightly noted that a field’s organizing principle, by disorder or
by data source, is not a reason to exclude its studies. Studies from both fields were screened
against the same inclusion criteria as every other record and are cited under the class whose
target their result addresses; the point of the earlier remark was only that we do not adopt
those fields” own headings.

3.6. Positioning Relative to Existing Reviews

Table 4 situates this review against the surveys nearest to it and states the contribution
as what each of them does not attempt. Affective-computing reviews map recognition
methods and the transition from unimodal to multimodal analysis in depth but stay
within D1 [6,63]. Mental-health reviews chart machine learning across clinical tasks but
are organized by disorder and application rather than by modeling target [64—66]. The
rapidly growing literature on LLMs in psychology catalogues instrument-style uses and
risks [5,16], and the LLM-agent literature surveys generative social simulation [17,18]; both
are method-first and largely silent on the psychometric traditions that govern the individual
classes. Collective-behavior reviews connect cognition to crowd simulation but do not treat
individual-level inference [67], system-dynamics reviews in public health treat feedback
structure but not individual-level measurement [14], and bibliometric mappings quantify
the field’s growth and thematic structure without comparing methods [68]. What none
provides, and what claims C1 to C4 supply, is a single account that spans the individual-to-
group ladder, compares model families by assumptions and failure modes across that span,
and states explicitly where the evidence is thin.

Table 4. Positioning of this review against representative prior surveys.

Prior Survey

Scope What This Review Adds

Affective computing [6,63]

D1 affect recognition; modality ~ Places affect within a five-class, cross-scale account; adds
fusion the theory-readiness analysis of C1

Mental-health machine
learning [64-66]

Target-first taxonomy across constructs; assumption-level

Clinical prediction tasks method comparison; explicit evidence tiers (C4)

LLMs in psychology [5,16]

LLMs as instruments and Integrates LLM roles into each class and applies
assessors psychometric validation standards to them
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Table 4. Cont.

Prior Survey

Scope What This Review Adds

LLM agents and computational Links simulation to individual-level measurement

social science [17,18]

Generative social simulation traditions; multilevel validation critique (C2)

Collective behavior
modeling [67]

Connects group emergence to individual state and

Crowd and group simulation capability inference; identifies the data constraint (C3)

System dynamics in health and
organizations [13,14]

Feedback structure of aggregate  Places stock—flow modeling among the aggregation
processes operators and relates it to individual-level measurement

Bibliometric mapping [68]

Publication landscape and topic = Methodological judgment rather than description:
structure assumptions, boundary conditions, research agenda

4. Modeling Methods Across the Five Classes

This section traverses the five classes defined in Section 3.4. Each subsection follows
the same schema, stating what is being inferred, which model families are used, what each
family assumes and delivers, and how it characteristically fails, so that methods remain
comparable within and across classes. Because reported accuracies come from different
corpora and protocols, families are compared by assumption structure rather than by
headline numbers, and each class closes with a comparison table in which the last column
gives representative work and the highest evidence tier (Table 1) reached by that family in
the included set.

Two observations recur and are stated in advance because they organize the tables.
First, a small number of model families act as cross-class workhorses. Latent-variable
models (structural equation models, latent class, latent growth), state-space and dynamical
models (hidden Markov models, differential-equation and stock—flow models), and, increas-
ingly, LLM-based agents appear in four or five classes each, which is why an algorithm-first
taxonomy fragments the field while a target-first one does not. Second, the dominant use
of models shifts along the classes, which is claim C2 in its revised form. In D1, D2, and D4
a model, whether descriptive (P(z | x) estimated directly) or generative (a forward model
P(x | z) whose parameters are fitted by inversion), is estimated from the data of the units
it describes and validated against those units’ further data or against an instrument. In
D5, and increasingly in D3, the micro-rules that generate behavior are posited or borrowed
rather than estimated from the units’ own data, and the model is validated by whether the
pattern it generates resembles an observed macro pattern. The shift is not from forward
models to inverse ones: drift-diffusion, reinforcement-learning, and cognitive-architecture
models are forward in form and dominate parts of D1, and inverse estimation of cohesion,
collective affect, and network parameters from interaction traces is common in D5. The
shift is in what is estimated and against what it is validated, and it is this, rather than any
difference in algorithmic sophistication, that explains why validation practice differs so
sharply between the individual and the collective classes.

4.1. D1: Individual Psychological States

D1 estimates the components of internal state, namely cognition, emotion, motivation,
and personality, from observable signals, and separates momentary fluctuation from trait-
level structure. Formally it is the inverse problem P(z | x), and its central methodological
question is how much psychological structure to impose on P before fitting.

Measurement-theoretic and latent-variable models. The oldest and most transparent
family treats z as a latent variable with an explicit measurement model. Classical test theory,
item-response theory, and factor-analytic structures formalize how items relate to constructs
and remain the reference standard for construct validity [44]. Bayesian latent-variable for-
mulations extend this to hierarchical and small-sample settings [69], and Bayesian networks
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have been used to represent the joint influence structure among developmental factors [70].
The comparative advantage is interpretability and uncertainty quantification; the cost is
that the structure must be specified in advance, so mis-specification propagates silently
into estimates. A recurring debate concerns whether psychological attributes are best
represented as reflective latent causes at all, since the network tradition models constructs
instead as systems of mutually reinforcing symptoms [32], a program whose first decade
has been systematically reviewed [43] and whose estimation problems in high dimensions
remain an active methodological topic [71]. Comparative work on psychodynamic and
trait-based structures shows that more than one latent structure can be defended for the
same construct domain [72], and the methodological literature explains why fit statistics
alone cannot adjudicate between such alternatives [73]. Recent work using generative
models to attack the reliability paradox, that is, the observation that tasks with excellent
group-level effects can have poor individual-level reliability, shows how much estimation
practice still matters at this layer [49].

Process models of cognition. Where the target is a cognitive mechanism rather than
a score, sequential-sampling models decompose observed choices and response times
into interpretable parameters such as drift rate and decision threshold [35], decision field
theory extends the same accumulation logic to dynamic preference formation [36], and
cognitive architectures such as ACT-R model task behavior at the level of production
rules and memory modules [37]. Hierarchical drift-diffusion formulations have made
process modeling tractable for the modest sample sizes typical of social and personality
research [74]. These models are forward in form, since they generate choices and response
times from posited processes, and inverse in use, since their parameters are fitted to
each person’s data; they are the clearest case of the transparency dividend, because the
parameters are psychologically meaningful by construction, which is why the family is used
to test theory rather than merely to predict, provided that the discipline of formal model
comparison and falsification is actually applied [75,76]. Mechanism-level modeling has also
been extended to unstructured elicitation data such as free lists through Bayesian regression,
which brings cross-cultural settings within reach where standardized instruments may
not transfer [77]. Mental-control models developed for applied settings such as driving
illustrate the same logic in domain-specific form [78].

Cognitive processes beyond affect and personality. A reviewer noted that the first
version of this review concentrated on emotion, personality, and mental health and said
little about attention and engagement, executive control, memory, cognitive ability, and
social cognition. These constructs were within the search scope; the imbalance reflected
the density of the applied literature retrieved rather than a scoping decision, and we now
state where each sits. Memory is the construct with the most complete formal substrate,
since the rational analysis of memory specifies retrieval probability as a function of recency
and frequency [46], and it is the substrate on which the first psychology-informed neural
network was built [48]. Executive control is organized by a latent-variable structure of
inhibition, updating, and shifting estimated from task batteries [47], which supplies an M2
measurement framework for D1 but, as the readiness rubric records, little that constrains
a learned model’s functional form. Attention and engagement are modeled most often
in learning settings, where affective and attentional states are tracked over time [79] and
recognized from facial behavior with supervised learning [80] (E2). General cognitive ability
has been predicted from resting-state brain networks with out-of-sample validation [81]
(E3), a result that belongs to D1 by its estimand although its observable is neural. Social
cognition enters D1 in two ways: theory of mind is measured through validated task
paradigms, and those paradigms have recently been applied both to humans and to LLMs,
with the models matching or exceeding human performance on some tasks and failing
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systematically on others [82,83] (E3, replicated across laboratories). Interpersonal preference
is instructive as a negative result: machine learning models trained on extensive self-report
predicted individuals” general tendencies to desire and be desired but did not predict who
would desire whom, in a study with held-out validation [84] (E3); it is a reminder that
predictive coverage from traces (below) has limits that a construct’s measurement maturity
does not remove.

Large-scale behavioral prediction and foundation models of cognition. A distinct
recent development sits between process models and black-box prediction. Trained on very
large choice corpora, machine-learned value functions have outperformed every classical
variant of prospect theory at predicting risky choice while remaining simple enough to
inspect, which is an existence proof that theory discovery can be data-driven [85] (E3). The
same logic now operates at foundation-model scale. Centaur, a language model fine-tuned
on Psych-101, which comprises trial-by-trial data from 160 experiments, 60,092 participants,
and more than ten million choices, predicts held-out human behavior better than domain-
specific cognitive models across almost every task tested, and generalizes to modified
tasks and new domains [53] (E3). Whether such systems explain anything is the field’s live
dispute, and the prediction—explanation distinction [54], the argument that quantitative
fit is a poor arbiter among theories [73], and the insistence that computational modeling
should force theory building rather than replace it [55,86] all apply with renewed force.
Our reading is that foundation models of cognition now set the predictive ceiling against
which mechanistic models must be measured, but do not yet discharge the explanatory
duties that motivated D1 modeling in the first place.

Statistical learning from behavioral traces. A large applied literature relaxes struc-
tural assumptions and predicts psychological state directly from behavioral or demographic
features. The founding results showed that ordinary digital records support surprisingly
strong trait inference, since Facebook likes predict personality, orientation, and substance
use [87] and computer judgments of personality from such traces can exceed those of human
acquaintances [88] (both E3, with held-out or cross-sample validation). In the clinical direc-
tion, social-media language predicts depression ahead of medical documentation [89,90], a
literature consolidated in integrative reviews [91]; the ambient-sensing generalization of
this program is digital phenotyping and personal sensing [92,93], with ecological momen-
tary assessment supplying its measurement backbone [61]. Later applied studies extend the
recipe across populations and targets, and the cluster is almost entirely E2, that is, single-
dataset cross-validated performance: personality from social-media behavior [94], self-rated
health [95], burnout risk profiles [96], medication adherence [97], disease-related psycholog-
ical states from multimodal and genomic features [98], resilience in specific populations [99],
and distress predicted from personality with neural networks [100]. Fuzzy-neural hybrids
have been applied to psychological-health assessment in specific populations [101], and
explainable variants have been used to link childhood maltreatment and positive traits to
post-traumatic symptoms [102]. What this family delivers is predictive coverage where no
measurement model exists; what it forfeits is construct validity. A model that predicts a
questionnaire score accurately has not thereby modeled the construct the questionnaire
was designed to measure, a distinction the applied literature frequently elides.

Affect recognition and its modality structure. Emotion is the most methodologically
mature sub-area of D1 and the clearest illustration of the paradigm ladder. Its label spaces
are inherited directly from the emotion theories of Section 3.1, since categorical systems
adopt basic-emotion theory and dimensional systems adopt the circumplex [25,26], and the
sub-area as a whole descends from Picard’s program for affective computing [29]. Early
systems used hidden Markov models over facial and acoustic features and established
the state-sequence formulation that later neural models inherited [103,104], and the first-
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generation methods were consolidated in an interdisciplinary review [63]. The field then
moved decisively to multimodal fusion, and the canonical reviews of that transition docu-
ment both the accuracy gains and the alignment, representation, and co-learning problems
it introduced [6,105], while conversational emotion recognition added interlocutor context
as a further structural variable [106]. Physiological signals are a standard observable in this
sub-area: electroencephalography, electrocardiography, electrodermal activity, and wear-
able sensor streams are used to estimate affect and stress in the corpora of Section 5, and the
same signals are used at the dyadic level to estimate physiological synchrony (Section 4.5).
Contemporary systems apply deep and attention-based architectures to physiological,
facial, and linguistic streams, including in interactive settings such as human-robot collabo-
ration [107] and in frameworks that pair learned features with psychologically interpretable
intermediate variables [3] (E2). Deep models have also been used at scale to characterize
population-level affective responses to events such as the COVID-19 pandemic [108] and
to analyze cyber-psychological problems in youth populations [109] (E2). The persistent
failure modes, namely modality misalignment, missing modalities, noise sensitivity, and
weak ecological validity, now define the sub-area’s research agenda rather than appearing
as incidental caveats.

LLMs as instruments and as subjects. Language models ent D1 in two distinct roles
that are easily conflated. As instruments, they serve as content-analyE2sis tools and re-
place hand-coded text analysis with learned representations [110], with broad prospects
catalogued in recent overviews [5]. As subjects, they are probed with the field’s own
methods, so that cognitive-psychology batteries characterize their decision and reason-
ing profiles [111], psychometric inventories elicit apparent trait structure [112,113], and
opinion surveys reveal whose views their defaults reflect [114]. The second use requires
particular care. Questionnaire responses elicited from an LLM reflect prompt framing and
training distribution at least as much as any stable internal property [22], and LLMs do not
reproduce the characteristic response biases of human survey-takers, responding to question
perturbations in ways humans do not [115]. A related and underappreciated problem is
response distortion, for which forced-choice designs and formal faking models developed
for human assessment are directly relevant to judging whether an elicited profile is genuine
or strategically shaped [50]. Table 5 summarizes the existing modeling methods within this
dimension.

Table 5. Dl1—Individual psychological states: model families compared by assumptions, data
requirements, and characteristic failure modes, with representative work and the highest evidence
tier reached by the family in the included set.

Model Family Core Assumption Data Need Characteristic Failure ?Felz:) Work

Lat?nt— Construct is a re flective Moderate; validated Structural mis-specification

variable/measurement latent cause of item . . [44,69,72] (E3)
instrument propagates silently

models responses

Psychological networks

Construct is a system of
interacting components, not
a common cause

Moderate-large; many
indicators

Estimation unstable in high
dimensions

[32,71] (E3)

Process models
(drift-diffusion, ACT-R)

Choice arises from a stated
generative process; forward
in form, fitted by inversion

Trial-level RT and
accuracy

Requires controlled task;
poor fit to naturalistic
behavior

[35,74] (E3)

Statistical learning from
traces

Behavior is predictive of
construct without stated
mechanism

Large labeled corpora

Predicts the instrument,
not the construct

[87-89] (E3)
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Table 5. Cont.

Model Family

Core Assumption Data Need Characteristic Failure

Repr. Work
(Tier)

Affect is recoverable from

Multimodal deep affect fused sensory and Largé, aligned Modality mllsahgmr}ept; [3,6,105] (E2)
models . . multimodal corpora weak ecological validity
physiological streams
Foundation models of =~ Massed multi-task behavior ~ Very large trial-level Predictive ceiling without [53,85] (E3)
cognition induces a general predictor corpora explanatory content !
Language encodes . .
. . . Prompt design; Prompt and training [22,111,113]
LLM-based inference psychological state; models validation set artifacts mistaken for traits  (E2)

can be probed

4.2. D2: Individual Behavioral Capabilities

D2 infers dispositions and competencies such as resilience, self-regulation, adaptive
capacity, and decision style from behavior. It differs from D1 in that the target is a capacity
to act rather than a current state, which changes what counts as evidence: capabilities are
revealed only under demand, so modeling depends on observing behavior under load or
over repeated occasions. Table 6 summarizes the existing modeling methods within this
dimension.

Structural and mediation models. The dominant approach in applied psychology
specifies a directed structure linking antecedents, mediators, and behavioral outcomes,
estimated by structural equation modeling or regression-based mediation, with the hypoth-
esized paths usually supplied by self-determination or social-cognitive theory [39,40]. This
literature is extensive and covers resilience mechanisms [116], psychological capital and
emotional intelligence as serial mediators of professional well-being [117], perfectionism
and distress [118], emotional abuse and depression under moderated mediation [119],
personality change following intervention [120], psychological need satisfaction as a pre-
dictor of exercise behavior [121], affective states as antecedents of performance-relevant
experience [122], and the incremental validity of competing trait structures for explaining
distress [123]. Organizational variants model psychological safety, embeddedness, and
leadership effects on behavior [124-128], link psychological contracts to safety behavior
in high-risk industries [129], and test through cross-cultural mediation designs whether
such structures transfer across national contexts [130]. Nearly all of this cluster is E2:
single-sample, cross-sectional, self-report. These models deliver explicitness, since every
path is a stated hypothesis and the model is falsifiable in a way that a black-box predictor is
not. They break on causal identification. Most are estimated on cross-sectional self-report,
so the arrows encode assumed rather than demonstrated causal direction, a limitation this
literature states less often than it should and one that should be applied when interpreting
any effect size reported from it.

Hybrid structural-neural models and causal identification. Hybrid designs chain
a structural model to a neural network, using the structural part to name the constructs
and paths and the network to fit nonlinear relations among them [131] (E2). The first
version of this review described this as a trade of explicitness for predictive power. Two
reviewers objected, and they are right: the weakness of the structural family is not a
lack of nonlinearity but a lack of identification, and adding a neural network to a cross-
sectional path model changes nothing about endogeneity, reverse causation, or omitted
confounding. It improves the fit of the same unidentified structure and, by making the
functional form opaque, makes the assumption failures harder to see. We therefore restate
what such hybrids can and cannot support. They can support a claim about prediction, that
behavior can be forecast from the named antecedents more accurately than by a linear path
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model, and that claim is tested by held-out prediction. They can support a causal claim
only to the extent that the structural part is identified by design, and the identification
comes from the design, not from the estimator. The designs that do this are the ones the
causal-inference literature specifies [132,133]: a graph in which the assumed absence of
unmeasured common causes is stated and defended; experimental or quasi-experimental
variation in the antecedent, such as a randomized intervention on self-efficacy or a natural
experiment in exposure; longitudinal designs that separate within-person from between-
person components, since the conventional cross-lagged panel model does not by itself
identify reciprocal effects [134]; and instruments or discontinuities where they exist. When
a hybrid model rests on none of these, its paths should be read as conditional associations
with a nonlinear fit, and the text and tables of this review label them accordingly. A
hybrid that does rest on such a design can be more useful than either component alone,
because the network can then estimate a nonlinear dose-response along a path whose
direction the design has fixed; that, and not the addition of capacity, is the legitimate case
for the combination.

Behavioral sequence and trajectory models. Where longitudinal behavioral traces ex-
ist, capability can be inferred from temporal structure directly. Temporal models of student
behavior that are sensitive to anomalous patterns have been used for mental-health predic-
tion [135], cognitive and non-cognitive factors jointly predict academic performance [136],
and reinforcement-learning formulations have been applied to the cultivation of decision
behavior in training contexts [137] (all E2). The gain is that capability is measured from
what people do repeatedly rather than from what they report; the cost is that behavioral
traces are typically collected in a single institutional context, so the estimated capabil-
ity may be inseparable from the environment that elicited it, which is an instance of the
generalization problem taken up in D3.

Table 6. D2—Individual behavioral capabilities: model families compared, with representative work
and highest evidence tier.

Model Family Core Assumption Data Need Characteristic Failure ?relz:) Work
SEM/mediation Capability mediates between Cross-sectional Causal direction assumed, [116,117,124]
stated antecedents and . "
models survey, moderate 7 not identified (E2)
outcomes
Attrition; non-invariance;
Multilevel /longitudinal  Effects nest within persons Repeated cross-lagged paths not [128,130,134]
SEM and contexts measures identified without (E2)

within-person separation

Hybrid

structural-neural

Named paths with nonlinear
fit; identification comes from
design, not estimator

Survey plus
design-based
variation

Opaque fit of an
unidentified structure

[131,133] (E2)

Behavioral sequence
models

Capability is revealed by
temporal behavioral structure

Dense behavioral
logs

Capability confounded with
eliciting environment

[135,136] (E2)

Reinforcement-
learning formulations

Capability is a learned policy
under feedback

Interaction traces
or simulator

Cognitive implausibility of
learning trajectory

[38,137] (E2)

Generative (LLM)
agents

Capability can be instantiated
and enacted

Persona
specification;
human
comparison data

Believability mistaken for
validity

[138-140] PP (E2;
E1 for the
1052-agent
result)

Generative agents as capability models. The newest entrant instantiates capabilities
directly. LLM-driven agents with memory, planning, and reflection reproduce believable
individual behavior over extended interaction [138], controlled studies show that such
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agents can replicate classical human-subject findings [139], and interview-grounded agents
built for 1052 real individuals reproduce those individuals” General Social Survey responses
about 85 per cent as accurately as the individuals reproduce their own answers two weeks
later [140]PP (E1; the result is a preprint and has not, to our knowledge, been independently
replicated). This inverts the dominant use of the rest of D2 and therefore inverts the
validation burden, since the question is no longer whether parameters are identified but
whether generated behavior matches human behavior distributionally, which requires
held-out human data as the comparison standard [141]. Matching aggregate distributions
is not sufficient, because persona-conditioned models can flatten within-group variation
even while matching group means [142].

4.3. D3: Individual-Environment Interaction

In D3 the context ¢ becomes a modeled variable in its own right rather than a nuisance
term, and the object is the closed loop between situation and psychological response. Table 7
summarizes the existing modeling methods within this dimension.

Stimulus—organism-response formulations. The SOR schema, inherited from envi-
ronmental psychology [41], remains the workhorse for representing how environmental
cues produce internal states that in turn drive behavior. It has been applied to reten-
tion decisions under work-life demands [143], to consumer resilience under social-capital
conditions [144], and to resident tourism-consumption behavior with neural-network es-
timation of the organism stage [145] (E2). Environmental-exposure studies extend the
same logic to physical stressors by modeling how traffic noise at intersections produces
annoyance and downstream psychological health effects [146], and the appraisal-based
stress-and-coping tradition supplies the theoretical account of why identical exposures pro-
duce heterogeneous responses [28]. The formulation is interpretable and easily estimated,
but it is typically static, capturing a single pass through the loop rather than the loop itself,
and it inherits the identification problem of Section 4.2 when estimated cross-sectionally.

Domain-specific interaction models. Where the environment is well character-
ized, richer mechanistic models become possible. Driving research couples psycho-
logical state to control behavior through psychological-safety-space and style-coupled
formulations [147,148], and hybrid pipelines that combine cognitive psychology with ma-
chine learning now assess driver situation awareness in conditionally automated vehi-
cles, a setting in which mis-estimating the human’s mental state has direct safety con-
sequences [149] (E2, simulator studies). Technology-use research models the interaction
of person, affect, cognition, and execution in the development of specific internet-use
disorders and provides one of the few explicitly dynamic person-environment accounts
in this class [150]. Human-robot interaction studies close the loop in real time by using
detected affect to modulate the machine’s behavior [107]. Reinforcement learning provides
the general formal template for such closed loops, with state, action, environment, and
reward [38], but psychologically grounded reward functions remain rare, which is why
most deployed interaction models are still single-pass.

Decision under environmental uncertainty. A substantial applied literature models
how environmental risk structure shapes psychologically realistic choice. Prospect-theoretic
value functions supply the foundational departure from expected utility [33,34], and con-
temporary work embeds psychological risk attitudes in fuzzy and multi-source decision
models for venture capital, product ranking, and insurance choice [151-154] (E2; evaluated
by within-sample fit or by numerical examples). Large-group emergency decision-making
under risk measurement extends this to collective settings and forms a natural bridge to
D5 [155]. Foundational discussions of the relation between rational and psychological
decision theories remain useful for situating these variants [156].
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Table 7. D3—Individual-environment interaction: model families compared, with representative

work and highest evidence tier.

Model Family Core Assumption Data Need Characteristic Failure Repr. Work (Tier)
Environmental cue — internal ~ Survey with cue Static; does not model the
SOR path models . . . Y . loop; cross-sectional [41,143,145] (E2)
state — behavior, single pass ~ manipulation . L
identification
Domain-specific Environment is well Instrumented Does not transfer beyond

mechanistic models

characterized and
low-dimensional

domain data

the modeled domain

[147,149,150] (E2)

Risk/decision models

Choice reflects
psychologically distorted

Choice data with

Parameters absorb

[33,152,153] (E3 for
the parametric

(prospect, fuzzy) value and probability known payoffs unmodeled context core; E2 for.
applied variants)
Reinforcement Adaptation is reward-driven =~ Simulator or dense Impoverished environment
. L . . . . . [38,137] (E2)
learning policy improvement interaction yields brittle policy
. Scenario .
LLM-in-the-loop Open-ended context can be specification; Inherits base-model cultural [17,18] (E2)

ABM

supplied linguistically

distribution

validation data

Where D3 breaks. Two failures recur. The first is environmental impoverishment:
the modeled environment is usually a small set of hand-specified variables, so agents
adapt to a caricature of the world and generalize poorly outside it. The second is cultural
narrowness: because environments are sampled where data collection is convenient, person—
environment couplings estimated in one cultural setting may not hold in another, which
is the mechanism behind the generalization failures discussed in Section 7. LLM-in-the-
loop agent simulation is the main current attempt to escape the first failure by supplying
open-ended context [17], and it inherits the second.

4.4. D4: Individual Dynamic Change

D4 replaces the static latent z with an evolving z; and models its trajectory, covering
emotional evolution, learning and forgetting, development, and stress recovery. Two
structural facts define the class. Conceptually, within-person dynamics cannot in general
be recovered from between-person cross-sections, which is the ergodicity problem that
Molenaar’s idiographic manifesto placed at the center of psychological methodology [62].
Practically, the requisite intensive longitudinal data come almost entirely from ecological
momentary assessment and passive sensing [61,93], so measurement burden is highest
here and methods are judged largely by their data efficiency. A third fact, raised by a
reviewer, is that psychological dynamics are open rather than closed: the state is driven
by an environment that is itself changing, so a law of motion estimated in one context is a
conditional law, and the families below differ in whether they represent the environmental
input explicitly (system dynamics and reinforcement-learning formulations do; growth
and autoregressive models usually do not).

Latent-state and latent-growth models. Latent growth curve modeling estimates
individual trajectories and their predictors and has been used to characterize the develop-
ment of psychological flexibility [19] (E2). Hierarchical autoregressive extensions capture
individual differences in dynamic characteristics rather than only in level and slope [157],
which addresses a long-standing limitation of growth models, namely that two people with
identical mean trajectories may differ entirely in volatility and in how quickly perturba-
tions decay.

Dynamical-systems and early-warning formulations. Treating psychological state as
a dynamical system yields predictions that static models cannot express. The most striking
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is critical slowing down: as an individual approaches a transition such as depression onset,
perturbations decay more slowly and autocorrelation and variance rise, which provides
early-warning signals validated in intensive longitudinal data [60] (E3). The network-
psychopathology program gives this a mechanistic reading, with disorders as alternative
stable states of a symptom network [32,43], which makes D4 the class where formal theory
and intensive longitudinal data connect most directly.

System-dynamics models of psychological stocks. The Forrester-Sterman framework
represents a psychological process as stocks that accumulate and deplete through flows
governed by feedback loops with delays [10]. At the individual level it has been used to
formalize major depressive disorder as a set of interacting loops among stress, rumination,
sleep, and activity, built from the verbal clinical literature and evaluated against reference
behavior modes [11], to model the hypothalamic-pituitary—adrenal axis with an explicit
stock of circulating cortisol [12], and to represent self-regulation, goal striving, and resource
depletion in organizational research [13]. What SD delivers in this class is a transparent
loop structure that can be inspected, a natural representation of delays and accumulation
that autoregressive models lack, and a validation practice, reproduction of reference modes
and structural tests, that is explicit even when data are sparse. What it forfeits is individual-
level estimation: SD models in this literature are usually calibrated to typical or aggregate
trajectories rather than fitted to each person’s time series, so they describe a representative
person’s loop structure rather than any particular person’s, and they are evaluated at E2 by
reproduction of qualitative behavior modes rather than by held-out prediction. The family
is nevertheless the one that most directly bridges the verbal theories of Section 3.1 and the
formal models of this class, because a causal-loop diagram is a disciplined way to turn a
verbal theory into an F3 specification (Section 4.7).

State-space and regulation models. Hidden Markov formulations remain the trans-
parent baseline for discrete-state evolution [103,104]. A second line specifies regulation
itself as a differential process of accumulation and dissipation, and its Bayesian multilevel
implementation is notable for targeting the regime that constrains this entire class, since it
returns relatively unbiased estimates from samples as small as about fifteen individuals
or time series as short as about fifteen observations [20] (E2, parameter recovery in sim-
ulation). Because intensive longitudinal designs are expensive and attrition-prone, data
efficiency is not a convenience in D4 but the binding constraint on what can be modeled
at all, and neural approaches to psychological dynamics are evaluated on the same crite-
rion, with simulation-based inference used to fit cognitive models whose likelihoods are
intractable [158].

Theory-informed temporal networks. The most promising direction couples a psy-
chological process theory to a temporal neural architecture. Psychology-informed neural
networks apply memory-theoretic constraints to behavior prediction and improve both
accuracy and interpretability relative to unconstrained sequence models [48] (E2, held-out
prediction within the same learning platform), in direct analogy to physics-informed learn-
ing [51] and to the broader program of informed machine learning [52]. Applied work on
resilience trajectories pursues the same data-efficiency goal with neurologically motivated
architectures [159]PP (E1).

Where D4 breaks. Longitudinal psychological data are noisy, irregularly sampled,
and frequently missing not at random, and models that assume regular sampling degrade
sharply under these conditions. Cross-sectional validation of a model intended to capture
change, which is still common, provides essentially no evidence about temporal general-
ization, and we regard this as one of the most consequential evaluation gaps in the field.
Table 8 summarizes the existing modeling methods within this dimension.

https:/ /doi.org/10.3390/systems14101327


https://doi.org/10.3390/systems14101327

Systems 2026, 14, 1327

28 of 53

Table 8. D4—Individual dynamic change: model families compared, with representative work and
highest evidence tier.

Model Family Core Assumption Data Need Characteristic Failure Repr. Work (Tier)
Latent growth Ch.a nge follows a.parametrlc Misses volatility and
trajectory shared in form 3+ waves . [19] (E2)
models perturbation decay
across persons
H1erarch1ca.1 Persons differ in dynamics, Intensive Dem.a.n dmg.samp ling;
autoregressive . o sensitive to irregular [62,157] (E2)
not only in level and slope longitudinal .
models spacing
Hidden State evqlves overa discrete Repeated State count chosen, not
or low-dimensional latent . . o [103,104] (E2)
Markov /state-space space observations identified
Dynamical- State has alternative . . . .
. i Dense EMA time Signals require sampling
systems/early- attractors; transitions show series faster than the dynamics [32,60] (E3)

warning models

critical slowing

System dynamics
(stock—flow)

State is a stock driven by
flows, delays, and feedback
loops

Reference behavior
modes; sparse
aggregate series

Calibrated to a
representative person, not
fitted per person

[11-13] (E2)

Bayesian
reservoir/nonlinear
dynamics

Nonlinear dynamics

recoverable at modest series

length

Tens of repeated
observations

Interpretability of learned
dynamics limited

[20,158] (E2)

Theory-informed
temporal networks

A process theory constrains
the learned temporal map

Behavioral traces
plus theory

Constraint mis-specification

degrades both goals

[48,52] (E2)

4.5. D5: Group Psychology

D5 addresses how individual psychology aggregates into collective phenomena, from
the dyad upward. It is the field’s hardest micro-macro problem and the class in which
simulation is the dominant use. Table 9 summarizes the existing modeling methods within
this dimension.

Dyadic and small-group inference. The smallest collective is the pair, and a distinct
literature estimates properties of pairs and small groups from interaction traces. Physiologi-
cal synchrony and inter-brain coupling are estimated from simultaneously recorded signals
in hyperscanning designs, whose validity as a method has been reviewed [160]; emergent
leadership and dominance are inferred from nonverbal behavior in small-group meeting
corpora with held-out evaluation [161] (E3); and shared affect in naturalistic conversation
is annotated and modeled at the level of the dyad [162]. These studies are inverse in use,
since the collective property is estimated from the interacting units’” data, and they are
the clearest counterexamples to any claim that group-level modeling is simulation-only.
They are also the level at which multilevel data are most often available, which matters for
claim C3 (Section 5).

Interdependence and multilevel models. Statistical approaches extend individual
models to account for non-independence within groups. Actor—partner interdependence
formulations model person-group effects explicitly [59], and applied studies model group
cohesion as an emergent property of training structure [163] or trace team performance
to dyadic exchange quality and shared psychological empowerment [164] (E2). These
preserve the interpretability of the structural models of D2 while respecting nesting, but
they characterize aggregate association rather than generative mechanism.

Mechanistic models of collective dynamics. A separate tradition, consolidated in
the statistical physics of social dynamics [56], specifies interaction rules and derives macro
behavior from them. Social-force models of pedestrian dynamics remain the reference
formulation for physical crowd behavior [42], validated against escape-panic phenom-
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ena [165] and refined by experiment-grounded heuristics [166] (E3 for the physical for-
mulation, which has been calibrated against observed crowds); contemporary evacuation
research extends them with explicit psychological terms such as impatience contagion and
panic [167-171] (E2; the psychological terms are evaluated by simulation). Opinion dy-
namics runs on the parallel track of bounded-confidence and influence models [172], now
coupled into multi-attribute group decision-making [173]. Epidemic-style formulations
model the spread of emotion, rumor, and opinion, including multi-platform emotional
contagion [174], stochastic rumor persistence and extinction [175], and coupled information-
propagation dynamics [176] (E2); the contagion premise itself has direct empirical support
of unequal strength: for behavioral spread it comes from a randomized field experiment in
an online network [57] (E4), whereas for emotion it comes from observational measurement
of contagion in social-media streams [177] (E2), so the emotional premise of these models
currently rests on correlational rather than design-identified evidence. Related formal
work analyzes nonlocal cooperative behavior and collective decision-making [178], and
consensus and quantum group-decision models incorporate psychological preference into
aggregation [155,179,180]. System-dynamics models sit in the same tradition at the aggre-
gate level: stock—flow models of population mental health and of the diffusion of behavior
represent the collective as accumulating stocks linked by feedback, and the comparison of
SD with agent-based formulations of the same process shows when heterogeneity and net-
work structure change the aggregate outcome [14,15]. This family delivers micro-to-macro
derivation, in which the emergent pattern is explained by the rules rather than merely
fitted, at the cost of drastically simplified agents.

Table 9. D5—Group psychology, from the dyad upward: model families compared, with representa-
tive work and highest evidence tier.

Model Family Core Assumption Data Need Characteristic Failure Repr. Work (Tier)

Dvadic/small-grou Interaction-borne property is ~ Simultaneous Small samples; laboratory

in}f,erence 8TOUP  estimable from the interacting ~ multi-person settings; synchrony metrics ~ [160-162] (E3)
units’ signals recordings not standardized

Interdependence/
multilevel models

Group membership induces
non-independence

Nested survey
data

Association, not generative
mechanism

[59,164] (E2)

Social-force/physical
crowd models

Collective motion follows
interaction forces

Trajectory or flow
data

Psychological terms added
post hoc

[42,166,167] (E3
physical core; E2
psychological
terms)

Opinion-dynamics
models

Attitudes update through
local influence rules

Attitude time
series; network

Influence rules rarely
identified from data

[172,173] (E2)

structure
[174,175] (E2;
Compartmental contagion premise
Emotion or opinion spreads Aggregate time Many rule sets fit the same  E4 for behavioral
(SIR/SEIR-type) . . ; ; .
contagion like an infectious process series macro curve spread via [57], E2

for emotion
via [177])

System dynamics
(stock—flow)

Collective is a set of aggregate
stocks linked by feedback

Aggregate series;
reference modes

Heterogeneity and network
structure averaged away

[14,15] (E2)

Rule-based ABM

Macro pattern is derivable
from micro rules

Calibration targets

Agents drastically
simplified

[58,181] (E2)

Generative (LLM)
social simulation

Rich individual behavior
improves macro realism

Scenario design;
multilevel
validation data

Validation weak;
base-model bias amplified

[17,138,140] PP (E2;
E1 for
population-level
claims)
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Agent-based and generative social simulation. Agent-based modeling relaxes the
analytic tractability constraint and permits heterogeneous agents [58,181], with a dedicated
literature linking cognitive psychology to collective behavior simulation [67]. Psychological
models of collective risk perception apply the same logic to how individual judgments
aggregate into shared risk estimates [182]. The current frontier replaces rule-based agents
with LLM-driven ones, producing emergent conventions and information cascades with
far richer individual behavior [17,18,138,183], a development social scientists have greeted
as potentially transformative [184,185]. Whether such populations reproduce real collective
structure is an open empirical question. Interview-grounded agents approximate indi-
vidual survey responses [140]PP and LLMs can approximate regional psychological struc-
ture [186]PP (both E1, but conditioning can equally distort subpopulation responses [141],
flatten within-group heterogeneity [142], and synthetic populations may inherit and am-
plify the base model’s demographic skew [114].

Where D5 breaks. The binding problem is validation. Macro-level plausibility is
weak evidence, because many different micro-rule sets generate qualitatively similar macro
patterns, and distinguishing among them requires calibration against real collective data at
more than one level simultaneously, which the datasets of Section 5 rarely support. This is
claim C3 in its D5 form. Until multilevel validation data exist, claims that a simulated society
reproduces a real one should be treated as hypotheses rather than as results. The stakes
extend beyond methodology, since collective-behavior modeling increasingly informs
platform design and public policy and has been described as a crisis discipline in which
poorly validated models can do real harm [187].

4.6. Cross-Class Synthesis

Reading the five classes together yields three observations that no single class makes
visible, and they correspond to claims C1 to C3.

First, the trade-off between transparency and capacity is not monotone across classes. In
D1 and D4, where constructs are well theorized and measurement traditions are strong,
transparent latent-variable, process, and stock—flow models remain competitive with deep
alternatives, and theory-informed hybrids [48] sit on the efficient frontier, even as foun-
dation models of cognition set a new predictive ceiling whose explanatory status is con-
tested [53,54]. In D3 and D5, where the environment and the interaction structure are
themselves poorly specified, high-capacity generative methods are the default, not because
they are better understood but because no adequate structural alternative exists. The first
version of this review inferred that the balance should shift toward structural models as
interaction theory improves. A reviewer pointed out that this neglects a second possibility:
the targets of D3 and D5 may be context-dependent, open, and multiply realizable in ways
that make closed theorization of the D1 kind unattainable in principle, so that high-capacity
methods are the right default rather than a stopgap. We now treat the two readings as
competing hypotheses. The first predicts that, as interaction theories are formalized, theory-
informed hybrids in D3 and D5 will show the same capacity-matched gains that they show
in D1 and D4; the second predicts that they will not, because the constraints available will
be too weak or too local. The evidence to decide between them does not yet exist, and the
readiness rubric of Section 3.1 is the instrument for collecting it.

Second, validation practice follows the dominant use of a model rather than the most severe test
the data permit. The estimation classes inherited a mature validation apparatus from psycho-
metrics, comprising construct validity, reliability, and measurement invariance [44,50], and
forward-form models used in those classes are validated by parameter recovery and held-
out prediction. The simulation use, dominant in D5 and growing in D3, has no equivalent
settled standard, and the criteria in current use, namely face plausibility and replication of a
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handful of classic findings, are weaker than what the same researchers would require of an
estimated model. The dyadic and small-group literature shows that this is not a property of
the collective level as such, since collective properties estimated from interaction traces are
validated with held-out data like any other estimand. Importing psychometric validation
logic into generative simulation, in the form of held-out human data as the comparison
standard, tests of within-group heterogeneity, and pre-registered predictions of collective
outcomes, is on our reading the single most valuable methodological transfer available to
the field, and it is the practical content of claim C2.

Third, the micro—macro link is a data problem before it is a modeling problem. Every class
contains capable methods, but the quantities that would decide between aggregation
operators, or separate individual susceptibility from structural exposure, are cross-level
parameters, and identifying them requires the same people to be observed as individuals,
in their interactions, and in the collective outcome. Section 5 lists the resources that observe
two of the three and states what the third would require. This is claim C3, and it is a
resource gap rather than an algorithmic one.

4.7. Boundary Conditions and Counterexamples for C1-C4

The four claims were defended above by supporting cases. This subsection, added at
the reviewers’ request, states for each claim the cases that count against it, the domain over
which we still hold it, and the observation that would lead us to withdraw it.

C1: Readiness determines feasibility. Counterexamples of three kinds exist. First,
theory-informed modeling with verbal (F1) theories has been successful when the theory
is used at the structure level rather than the function level: the entire structural-equation
literature of D2 constrains a model with self-determination or social-cognitive theory, and
system-dynamics models of depression and of goal striving turn verbal clinical and organi-
zational theories into executable loop structures [11,13]. Second, LLM persona conditioning
uses verbal trait descriptions as constraints at the prompt level and produces measurable
shifts in generated behavior [141]. Third, in the case of risky choice, readiness was created
by data rather than presupposed: a machine-learned value function outperformed every
parametric theory and was then read back as theory [85]. These cases fix the boundary.
C1 is a claim about theory-informed learning, in which a theory is embedded as a con-
straint inside a learned function class at the representation layer; it is not a claim about
theory-informed modeling in general, which includes structure-level, prompt-level, and
hand-built formalizations. Within that boundary, the cases in which a verbal theory has
constrained a learned function class have first required someone to write a functional form
the theory did not state, which is the step that a causal-loop diagram makes explicit and
that the rubric scores as moving from F1 to F3. The claim would be falsified by capacity-
matched theory-informed hybrids in F1 domains that show the same out-of-distribution
gains as those in F3 domains without such an intermediate formalization step. Because
the readiness scores are rubric-based judgments rather than instrument measurements, C1
should be read as a well-specified conjecture with a stated test, not as a result.

C2: The shift from estimation to simulation. The counterexamples raised by a
reviewer are real, and they changed the claim. Forward-form generative models (drift-
diffusion, reinforcement learning, ACT-R) dominate parts of D1; inverse estimation of
cohesion, collective affect, leadership emergence, and network parameters from interaction
traces is common at the dyadic, small-group, and group levels (Section 4.5); and Table 3
records both. The revised claim is therefore not about model form but about the dominant
use and its validation target, and its domain is the generative-simulation literature of
D5 and D3 (rule-based and LLM-driven agent models, mechanistic crowd and contagion
models with psychological terms) rather than the collective level as a whole. Within
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that domain, the claim would be falsified by a body of simulation studies that estimate
their micro-rules from the interacting units” own data and validate them against held-out
collective outcomes; the dyadic hyperscanning and small-group literature shows that this
is possible, which is why we regard the gap as a practice gap and not a level property.

C3: Data, not model capacity, is the binding constraint. The first version of this
review stated that “almost no resource” observes the same people as individuals and
as members of a collective. That was too strong. Resources exist that record individual
states together with interaction structure over time: longitudinal sensing studies of student
cohorts [188,189], wearable proximity networks [190,191], sociometric-badge studies of
teams [192], annotated meeting corpora [161,193], dyadic hyperscanning and conversation
datasets [160,162], and dyadic interaction corpora such as IEMOCAP [194]. The revised
claim is that these resources are few, short (weeks to months, rarely years), small (tens
to hundreds of people), concentrated in student and laboratory populations, and, most
importantly, rarely record the collective outcome that a simulation targets, such as a decision
the group actually made, a norm that shifted, or a cascade that occurred, at the same time as
the individual states and the interaction structure. The quantities that remain unidentified
are stated in Section 5. C3 would be falsified by the existence of a resource with all three
components at matching timescales on which competing aggregation operators had been
discriminated; we are not aware of one, and we would welcome correction. C3 does not
claim that model capacity is irrelevant, only that additional capacity cannot substitute for
the missing observations.

C4: The evidence base is heterogeneous in quantity and quality. The claim has two
boundary conditions. First, the gradient is a property of the evidence for a finding, not of
a model family: social-force crowd models have tier E3 evidence for their physical core
and tier E2 evidence for their psychological terms, and the same distinction applies to any
hybrid. Second, the count of one randomized trial of a generative intervention [195] is a
statement about the included set at the time of the search; further trials are likely, and the
claim is that readiness should be indexed to the tier of the available evidence, whatever its
current level, rather than that the level is fixed. C4 would be undermined, in the useful
sense, by a field in which external validation and design-identified evidence became routine,
and the evidence-tier coding of Section 2 is offered as a way of tracking that.

5. Datasets

Models become actionable only through data. This section surveys widely used
resources and their modeling roles and then states their systemic limitations, the fourth
of which is the evidence for claim C3. Because dataset availability, licensing, and naming
change quickly, we describe categories and representative resources rather than asserting
fixed specifications, and we recommend verifying provenance and licensing before use.
Tables 10 and 11 organize representative datasets by the primary construct, the unit of
analysis and interaction structure, and the observable, following the reviewers’ request
that constructs and observables be separated and that each dataset’s unit and interaction
structure be stated. Three classifications in the first version were wrong and are corrected
here: DREAMER is an emotion-recognition dataset with EEG and ECG observables and is
now listed under emotion; AffectNet is a facial-expression dataset annotated for categorical
emotion and valence—arousal and is now listed under emotion rather than mental health;
and IEMOCAP is a dyadic interaction corpus and is now listed with its interaction structure
stated. A category of dyadic, small-group, team, and longitudinal-network resources has
been added, because the first version’s claim C3 was made without having searched for it.
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Table 10. Representative datasets for psychological and behavioral modeling, grouped by primary

construct, with unit of analysis, interaction structure, and observable stated for each.

Representative Resources  Unit; Interaction Structure

Observable

Primary Modeling Role

Individual: cognition, decision, and reasoning

Psych-101 [53],

H-ARC [196] PP Person; none

Trial-level choices,
response times

Decision, memory, and reasoning;
cognitive process and foundation
models

Individual: emotion and affect

DEAP [197], SEED [198],

FACED [199], Person; none (stimulus-elicited)
DREAMER [200]

AffectNet [201] Person; none (in the wild)
RAVDESS [202],

CMU-MOSEI [203] Person; none

Person within dyad; scripted
and improvised dyadic
interaction

IEMOCAP [194]

EEG, ECG, peripheral
physiology
Facial images

Speech, audio-visual,
text

Audio-visual, motion
capture

Physiological emotion recognition
(categorical and valence-arousal)

Categorical and dimensional
expression recognition

Speech and multimodal affect and
sentiment

Emotion in conversation; interlocutor
context

Individual: personality

PANDORA [204],
MBTI-9k [205], Twitter
personality

corpora [206,207]

Person; none

Social-media text

Trait-language association; Big Five
and MBTI prediction

Individual: mental health and stress

Person; interview with a virtual

DAIC-WOZ [208] agent

Speech, language, facial

features

Distress and depression screening;
consent and de-identification
required

WESAD [209] Person; none (protocol-elicited)

Wearable physiology

Stress and affect detection under
protocol

Table 11. Representative datasets: dyadic, small-group, team, and population-level resources, with

unit of analysis, interaction structure, and observable stated for each.

Representative Resources  Unit; Interaction Structure

Observable

Primary Modeling Role

Dyad, small group, and team: interaction, synchrony, and longitudinal networks

K-EmoCon [162] Dyad; naturalistic debate

AMI [193], ELEA [161] Small group (3—4); meetings
Hyperscanning datasets
(reviewed in [160])
Sociometric-badge team
studies [192]

Dyad; joint task

Team; face-to-face networks
over weeks

Audio-visual,
physiology, self and
partner ratings
Audio-visual,
transcripts, nonverbal
features
Simultaneous
EEG/{NIRS
Proximity, speech
activity, motion

Shared affect; dyadic emotion
recognition

Emergent leadership, dominance,
group decision process

Inter-brain and physiological
synchrony

Team interaction structure and
performance

%tél};i:;lﬁlglgf;l[ %\21322‘/"’ orks Fersg)tn Cxi\{ithlin cohor.tj,; 4 Smartphone sensing, Irt\divtidual statf's w1tt}}11 intleracttion
Study [189], Reality ongttu 1.nat.p roxntm y in Bluetooth /RFID (se;:;;r? r(zovigxlirrrrlgtiog tcoot??es
Mining [191], (Cx?vlélerlil: ?c:cr?lcl)?ghr;)e wore proximity, calls, EMA resour?e gzl:im C3 calls for
SocioPatterns [190]

Population: values, well-being, and cross-cultural
World Values
Survey [210], ESS [211], Population; repeated S Social attitudes and value orientation
CGSS [212], European cross-sections urvey across regions and waves
Values Study [213]
World Happiness Well-being; cross-cultural

Report [214], HRAF [215] T opulation; none

Social-media sentiment

corpora [91] Population; online networks

Survey, archival

Text, behavioral traces

comparison
Public-emotion monitoring and early
warning

Resources are indicative rather than exhaustive; availability, licensing terms, and documented biases should be

confirmed per project before use.
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5.1. Individual, Interaction, and Population Resources

Five categories recur at the individual level. Cognitive and behavioral resources sup-
port process modeling, and their scale has changed qualitatively: Psych-101 aggregates
trial-by-trial data from 160 experiments, 60,092 participants, and more than ten million
choices into a single natural-language format [53], while carefully normed small resources
such as H-ARC provide human baselines for reasoning benchmarks [196]PP. Emotion cor-
pora span physiological signals, including DEAP, SEED, the finer-grained FACED, and the
consumer-grade DREAMER [197-200], facial expression in the wild [201], and audio-visual
and conversational material such as RAVDESS, IEMOCAP, and CMU-MOSEI [194,202,203].
Personality corpora annotate social-media text for Big Five or MBTI labels, from early
Twitter collections [206,207] through the Reddit-based MBTI-9k [205] to the more compre-
hensively annotated PANDORA [204]. Mental-health corpora such as the DAIC-WOZ
distress interviews require particular care over consent and de-identification [208], and
wearable resources capture stress under protocol [209].

At the interaction level, the resources added in this revision fall into three kinds.
Dyadic corpora record two people in conversation or joint task with simultaneous physiol-
ogy or brain signals, which supports estimation of shared affect and synchrony [160,162].
Small-group and team corpora record meetings and work teams with audio-visual, non-
verbal, and proximity observables, which supports estimation of emergent leadership,
dominance, and team interaction structure [161,192,193]. Longitudinal cohort studies
record individual states, through EMA and smartphone sensing, together with communi-
cation and proximity networks over weeks to months [188-191]; these come closest to the
multilevel resource that claim C3 calls for, and their limitations are stated below. At the
population level, value and social-attitude surveys [210-213], well-being resources [214],
social-media sentiment corpora [91], and cross-cultural archives [215] support the analysis
of collective psychology at the extension level of Section 3.3.

5.2. A Structured View and Its Limitations

Datasets bridge abstract constructs and observed behavior and thereby enable the shift
from theoretical hypothesis to prediction. Five systemic limitations constrain reliability,
and they recur as the bottlenecks of Section 7: (i) static self-report bias, where cross-sectional
scales miss the high-frequency dynamics that only ecological momentary assessment
captures [61]; (ii) fusion difficulty, where heterogeneous modalities differ in resolution and
noise [105]; (iii) imbalance and cultural bias arising from sampling and annotation, which
is the WEIRD problem in dataset form [216] and which skews both performance and
cross-cultural transfer; (iv) the micro—macro divide, in which most datasets isolate either
individual cognition or collective behavior; and (v) privacy and ethics, where the tension
between anonymization and the resolution that models require remains unresolved, since
even heavily incomplete records support re-identification [217].

The fourth limitation is claim C3 in its revised form, and it can now be stated precisely.
A multilevel resource adequate for validating a cross-scale model needs three components
on the same people: (a) individual states sampled faster than they change, which for
affect and stress means EMA or passive sensing at hours-to-days resolution [60]; (b) the
interaction structure at the resolution of the interaction, which for a team means who spoke
to whom in each meeting and for an online cohort means the communication network at
daily resolution; and (c) the collective outcome that the model targets, such as a group
decision, a consensus reached, a norm adopted, or a cascade observed, time-stamped so
that it can be aligned with (a) and (b). The longitudinal cohort studies in Table 11 supply
(a) and (b) for tens to hundreds of people over weeks to months; the meeting corpora supply
(b) and, for single sessions, (c); the hyperscanning and dyadic corpora supply (a) and (b)
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for pairs in the laboratory. We are not aware of a resource that supplies all three at matching
timescales for the same people, and that is the sense in which the claim is now made. What
such a resource would make identifiable is stated in Section 3.3: the aggregation operator,
the split between individual susceptibility and structural exposure, the cross-level effect
of an individual-level intervention on the collective outcome, and the timescale of the
downward path. Without it, generative social simulation cannot be validated at more than
one level simultaneously, and it is for that reason, rather than as a general preference for
data over methods, that we regard multilevel, consent-governed longitudinal collection
with all three components as the highest-value investment available to the field. Any such
collection must be designed with the privacy limitation (v) in view, because it is precisely
the linking of individual and relational records that makes re-identification easy [217].

6. Multi-Domain Applications

This section examines deployment across four civilian domains, namely mental health,
education, decision support, and emergency management, and treats military use as a
bounded case with distinct ethical constraints (Section 6.5). A reviewer asked why these
domains and not others. The four civilian domains were selected on three stated criteria:
each is a setting in which a psychological model is used to make or support a decision
about real people, rather than only to describe them; each is represented in the included
set by a cluster of applied studies large enough for a statement about evidence quality
to rest on the cluster rather than on a single paper; and, taken together, they span the
five classes and the full range of evidence tiers. Other application areas are present in the
review but are treated as sources of modeling studies rather than as deployment domains:
human-computer and human-robot interaction and driving appear in D3 (Section 4.3),
sports and organizational behavior in D2, marketing and consumer choice in D3, and public
health in the system-dynamics and contagion families of D4 and D5. The domains also
make claim C4 concrete, because the strongest evidence available differs sharply across
them, and Table 12 now states the highest evidence tier reached in each domain alongside
the modeling classes, dominant model families, and main barrier to deployment.

Table 12. Application domains: modeling classes, dominant methods, strongest available evidence
with its tier, and the main barrier to deployment.

Domain Classes FDa(::ll}iﬂ:asnt Model Strongest Available Evidence (Tier) 1]\)4:;1110?:;21::: to
Supervised classifiers; ~ One randomized controlled trial of a External validation absent
Mental LLM assessors; generative chatbot against a waitlist xterna’ vaudation absen
D1, D4 : i A for most classifiers;
health generative control [195] (E4); external validation consent and privac
interventions of screening models remains rare p y
SEM an.d mediation Theory-constrained prediction with Single-institution,
Education D2, D4 models; held-out gains on one learning cross-sectional designs;
' theory-informed platform [48] (E2); mediation effect sizes do not translfer
sequence models structures are cross-sectional (E2)
Prospect-theoreticand ~ Within-sample fit, numerical Parameters absorb
Decision D3. D5 fuzzy models; examples, and simulation unmodeled context; no
support ’ consensus and opinion  studies [181,182] (E2); the parametric ~ out-of-sample testing in
models; ABM core of prospect theory is E3 the applied cluster
Social-force and Physical formulations calibrated Psychological terms
Emergency D5 cellular-automata against observed crowd added on top of physical
management models; compartmental  behavior [165,166] (E3); psychological —ones and rarely identified
contagion models extensions are simulation-only (E2) separately
-1 Assessment . Consent, dual use,
Military D1,D2  instruments; simulation Small-sample instrument accountability, and legal
(bounded) of stress effects validation [218,219] (E2) review
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6.1. Mental Health

Mental health has the deepest evidence base, consolidated in scoping and clinical
reviews of machine learning across screening, diagnosis, and treatment-outcome predic-
tion [64-66]. For identification and diagnosis, explainable models predict depression,
anxiety, and stress from task data [7], domain-tuned encoders flag patients who need
therapy [220], hybrid deep models classify disorder types with high but dataset-specific
accuracy [221,222], and machine learning models profile resilience and post-viral distress
in specific populations [99,223] (all E2). The LLM layer is developing on two tracks. On
the assessment track, professional item banks and competency benchmarks quantify the
counseling ability and psychological knowledge of general and Chinese-language mod-
els [224-226] (E2; the counseling-ability benchmark is a preprintP?, E1), dedicated psycho-
logical LLMs outperform general models in Chinese counseling [227,228] (E2; the Psy-LLM
result is a preprintPP), and instruction-tuned models produce interpretable mental-health
analyses of social-media text [229,230] (E2). On the intervention track, proposals for re-
sponsible development [231] have been followed by the first randomized controlled trial
of a generative-Al therapy chatbot, in which 210 adults with depression, anxiety, or high
risk for a feeding or eating disorder were randomized to four weeks of chatbot access
or to a waitlist control, with significant symptom reduction in the treatment arm [195]
(E4). Further applied work monitors risk in specific populations with embedded-feature
and attention-based models [232,233], gives early warning of distress through machine
learning nomograms [234], and estimates resilience or detects negative affect with data-
efficient and interpretable multimodal frameworks [3,159] (E2; the resilience model is a
preprintPP). The evidence gradient should be stated plainly. Single-dataset classification
accuracy is abundant, external validation is scarce, and randomized evidence of benefit
exists so far for one generative intervention against a waitlist rather than against an active
comparator, so claims of clinical readiness should be indexed to that gradient rather than
to benchmark scores.

6.2. Education

Theory-informed networks such as PsyINN improve memory-behavior prediction
while enhancing interpretability, and they do so by constraining a neural model with
classical memory equations rather than by adding parameters [48] (E2, held-out within
one platform). Moderated-mediation analyses show how engagement and self-efficacy
relate to flexibility and resilience through mediators such as language anxiety and emotion
regulation [235,236], and cognitive and non-cognitive factors jointly predict academic
performance [136] (E2, cross-sectional; the mediation paths are associations in the sense of
Section 4.2). For evaluation and technology adoption, structural models validate career-
readiness constructs [237], hybrid SEM and neural pipelines link psychological needs to the
sustainability of immersive learning environments [131] (E2; the hybrid adds nonlinear fit,
not identification), and case studies examine the conditions under which interdisciplinary
learning succeeds [238]. For joint modeling of mental health and academic outcomes,
explainable ensembles support stratified intervention [239] and latent-growth designs
characterize trajectories of psychological flexibility [19] (E2). Most of this literature is
single-institution and cross-sectional, so what transfers is the modeling pattern, namely
theory-constrained prediction combined with an explicit mediation structure, rather than
the reported effect sizes.

6.3. Decision Support

Two reviewers noted that the first version of this section did not connect its examples
to the evidence gradient. Every study cited in this subsection is tier E2: it is evaluated by
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within-sample fit, by numerical examples, or by simulation, and none reports out-of-sample
testing on independent decisions or a real-world outcome. We state this once here and read
the paragraph accordingly. Agent-based modeling generates collective phenomena from
individual interaction and supports theory building [181], and psychological models of
collective risk perception connect individual judgment to aggregate risk estimates [182].
Quantum group-decision, opinion-dynamics-aware, and cognitive-state consensus models
are designed for high-uncertainty settings [173,179,180] and are demonstrated on con-
structed examples. In economic decisions, prospect-theoretic fuzzy optimization improves
perceived-value allocation [154], hybrid choice models mine multi-factor purchase inten-
tions [153], and deep models analyze consumer psychology in tourism markets [145] in
single samples. In driving, psychological-safety-space and coupled psychology-and-style
models improve lane-change and control decisions [147,148], situation-awareness recog-
nition supports safe handover in conditional automation [149], and multi-source ranking
models capture loss and regret aversion in consumer choice [152] in simulator or offline
settings. Simulation and within-sample results of this kind show that a psychologically
realistic model can be formulated and can fit the data it was built on; they do not show that
it improves real decisions, and no study in this cluster claims to have tested that. This is
why decision support appears in Table 12 with the weakest evidence among the civilian
domains, and it is the domain in which the gap between formulation and demonstrated
effectiveness is widest.

6.4. Emergency Management

The evidence in this domain has two layers, and the reviewers were right that the first
version did not keep them apart. The underlying physical formulations of crowd motion are
among the few models in this review calibrated against observed crowd behavior [165,166]
(E3). Built on that core, impatience-contagion, mixed-logit, and extended social-force
models quantify how psychological factors shape route choice and flow [167-169], and
cellular-automata simulations compare updating strategies [170] (E2: the psychological
terms are evaluated by the plausibility and sensitivity of simulated outcomes, not by cal-
ibration against evacuations in which the psychological variables were measured). For
public opinion and epidemics, stochastic SEIR models give conditions for rumor persistence
or extinction [175], and information-propagation models couple social psychology with
differential-equation dynamics and deep learning [176] (E2, analytical and simulated). For
subway incidents, latent-class models classify evacuees into psychological profiles and
improve route-choice prediction [171] (E2, stated-preference survey). Two contributions
complete the picture at the organizational level: psychological contracts link safety climate
to safety behavior on high-risk sites [129] (E2, cross-sectional), and multimodal physi-
ological and psychological assessment has been applied to injury risk in high-intensity
emergency training [240] (E2). The characteristic weakness here is identification rather
than fit, because psychological terms are typically added on top of a physical model whose
parameters already reproduce the aggregate flow, so the aggregate evidence for the physical
core cannot be read as evidence for the psychological extension. Simulation results in this
domain should be read as demonstrations that a psychological mechanism is consistent
with known crowd physics, not as demonstrations that the mechanism operates in real
evacuations.

6.5. Military Use: A Bounded, Ethically Constrained Case

Military applications illustrate both the reach and the risks of psychological modeling
and are treated here as a delimited case rather than as a general selling point. Reported
work includes models of soldier psychological safety [218], measurement instruments for
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military support and its psychological correlates [219], tiered psychological first aid for
combat stress [241], and simulation of the effect of fear on action [242] (E2 at most). These
uses raise concerns about consent, dual use, accountability, and the law of armed conflict
that civilian domains raise less sharply. We include them to make the risk surface explicit
and to motivate the governance discussion of Section 7.2, not to advocate deployment. Any
real-world use in this domain requires independent ethical and legal review.

7. Open Challenges and a Research Agenda

The preceding sections expose five recurring bottlenecks. Table 13 maps them to
modeling classes and to concrete research needs. Section 7.2 then addresses the five in the
same order. For each it separates a research-practice recommendation, which is a statement
about how work should be done and which no experiment can refute, from a testable
prediction, which names a hypothesis, a measurable outcome, a decision criterion, and the
result that would reject it. The first version of this review called all of these “falsifiable
tests”; the reviewers correctly noted that several were governance or practice proposals,
and the two kinds are now labeled as such.

Table 13. Research gaps and needs across the five modeling classes, with representative evidence.

Class Main Gaps Research Needs Evidence

D1 States Opac.lu('e modgls; weak theor.y integration; Thef)ry—mformed hybrids; explainable and [8,48,53]
prediction without explanation auditable assessment
Static cross-sectional designs; unidentified Lifelong capability tracking; design-based

D2 Capabilities  causal paths; unreliable individual-level identification; generative measurement models;  [49,133,216]
measurement; cultural bias bias-controlled assessment

D3 Interaction Weak f)pen'-\jvorld generalization; ngh—ﬁdeh’ty feedback loops; multi-agent [17,150]
over-simplified feedback co-adaptation
Poor multiscale fusion; noise sensitivity; Robust multimodal alignment; noise-resilient

D4 Dynamics snapshots instead of processes; environment tracking; early-warning monitoring; explicit [11,60,62]
treated as closed environmental input as in stock—flow models
Neglects individual cognitive diversity; weak = Cognitively rich emergence; multilevel

D5 Group validation; dyadic level under-integrated; no validation data; operator comparison; [15,140,142]
human-AI co-evolution trustworthy human—AlI decision loops

7.1. Challenges
7.1.1. Interpretability

Many high-performing deep and large models are opaque, so their decision logic
cannot be verified or mapped onto psychological constructs, which undermines scientific
credibility and safe use in high-stakes settings such as clinical assessment and personnel
selection [7,8]. Post hoc attribution methods such as SHAP mitigate the problem without
resolving it [243], and for high-stakes decisions the stronger position is that inherently
interpretable models should be preferred outright [244]. The deeper issue is the divide
between prediction and explanation, since a model can predict well while explaining
nothing [54], and models validated by statistical fit alone produce predictions without
theoretical support. Interpretability is not purely a cost. Analysis of model behavior can
generate hypotheses about human cognition, as when machine-learned value functions
recovered choice structure that classical parametric theories had not specified [85] and
when cognitive-psychology batteries applied to language models produced testable char-
acterizations of their decision profiles [111]. The exchange runs in both directions, but
unevenly: theory-informed modeling, in which a theory constrains a learned model, is now
an established practice, whereas prediction-informed theory revision, in which a learned
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model’s behavior is used to revise the theory, remains rare outside a few cases such as the
value-function result. Widening the second direction is the first item of the agenda.

7.1.2. Privacy and Ethics

Collecting and integrating high-resolution psychological data creates serious pri-
vacy risk. The founding demonstrations that ordinary digital footprints predict sensitive
traits [87] and support targeted persuasion [245] define the threat model, and current
de-identification does not remove it, since incomplete datasets still permit successful re-
identification with generative models [21,217]. The multilevel resources called for by
claim C3 sharpen the risk, because linking individual states to relational records is exactly
what makes a record identifying. Blurred responsibility among developers, users, and
overseers raises the risk that model outputs displace expert judgment, and abstract ethical
principles alone have proved insufficient to govern practice [246].

7.1.3. Cultural Bias and Generalization

Models trained on culturally narrow data generalize poorly. The problem predates
machine learning, since behavioral science itself over-samples WEIRD populations [216]
and over-relies on English [247], but modern pipelines industrialize it. Default opinions
expressed by LLMs reflect identifiable demographic subgroups [114], psychometric adapta-
tion across cultures remains unreliable [22], and decision models that ignore cross-cultural
differences risk systematic error. The same narrowness limits transfer between settings
within one culture, because person-environment couplings estimated in one context are
rarely re-estimated in another (Section 4.3).

7.1.4. Temporal Dynamics

Psychological attributes are dynamic, yet most paradigms classify or regress static
cross-sections and omit learning, forgetting, and adaptation, despite the formal argument
that between-person snapshots cannot substitute for within-person processes [19,62]. Such
models degrade under behavioral or environmental change and miss the clinically ac-
tionable transition signals that early-warning research has validated [60], and the scarcity
of tools for lifelong tracking means that many assistive systems offer only short-term
reference [159]PP. A reviewer added a point that the first version missed: psychological
dynamics are open. The state is driven by an environment that is itself changing, and the
problem is most acute in exactly the classes where the dynamical approach is least used,
such as the cross-sectional structural models of D2 and D3, which cannot represent an
environmental input at all. Stock—flow and reinforcement-learning formulations represent
the input explicitly; growth and autoregressive models usually do not, and a law of motion
estimated without it is a conditional law whose domain of validity is the context in which
it was estimated.

7.1.5. Human-AI Collaboration Risk

Emerging systems tend toward one-directional designs in which model output replaces
human judgment, which neglects complementary strengths and ethical checks; formal
models of repeated trust interaction show that reliance on an automated partner is itself a
psychological process that can be modeled and therefore misdesigned [248]. A specific and
underexamined risk is the use of LLMs as simulated participants. The prospect is attractive
to social science [184,185], and conditioning can make model responses mirror human
subpopulations, but it can equally distort them [139,141], misportraying and flattening
the identity groups being simulated [142] and failing to reproduce even human response
biases [115]. LLM-generated data should therefore be validated against human data rather
than substituted for it [183].
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7.2. A Research Agenda: Recommendations and Testable Predictions

The five directions below correspond one to one with the five challenges above. Each
states a mechanism and a target; each then gives a research-practice recommendation and,
where one can be stated with a measurable outcome and a rejection criterion, a testable
prediction. Two of the five (privacy and human-AI collaboration) are governance matters
for which no scientific hypothesis is at stake, and they carry recommendations only.

7.2.1. Theory-Informed and Explainable Modeling

Embedding psychological structure in learned models, as knowledge-guided net-
works such as PsyINN do, translates theory into constraints or symbolic modules by
analogy with physics-informed learning and with the broader informed-machine-learning
program [48,51,52]. The readiness gradient of claim C1 indicates where to start, namely
with constructs that have F3 theory, such as decision, memory, symptom dynamics, and
stock—flow formulations of stress, before verbal-theory domains. Recommendation. Report
every theory-informed model against an unconstrained baseline of matched capacity, on
a held-out distribution that differs from the training distribution in a stated way, and
report a construct-validity metric alongside accuracy. Testable prediction. Hypothesis: on
a shared benchmark such as Psych-101, a model constrained by an F3 theory will show
higher out-of-distribution accuracy and higher construct validity than a capacity-matched
unconstrained model, and the advantage will be absent for constraints derived from F1
theories without an intermediate formalization step. Outcome: the difference in held-out
accuracy and in the correlation between recovered parameters and independent measures
of the construct. Criterion: a pre-registered minimum effect with a confidence interval
excluding zero. Rejection: if the advantage disappears once capacity is matched, or if
F1-derived constraints match F3-derived ones, the constraint is decorative and C1 is wrong
in the case tested [53,55].

7.2.2. Risk Prevention and Accountability

Systematic data and algorithm governance requires complete authorization chains,
a psychological-data responsibility framework with transparency standards that goes
beyond principle statements [21,246], and privacy-preserving training such as federated
optimization for sensitive domains [249]. Recommendation. Re-identification risk should be
assessed as a standard step before any release of psychological data or of a model trained on
it, with risk measured on the actual release format rather than on a hypothetical complete
dataset [217], and the assessment should be reported with the release. This is a governance
practice, not a scientific hypothesis, and we no longer describe it as a test.

7.2.3. From Single-Domain to Multi-Scenario Adaptation

Cross-cultural and cross-scenario learning requires fusion datasets that deliberately
counter the WEIRD default [216,247], hybrid latent-class and Bayesian multilevel structures,
and temporal networks with parameter transfer. Recommendation. Evaluate every model
that claims generality on held-out cultures and scenarios rather than on random splits of
a pooled sample [168,179]. Testable prediction. Hypothesis: the performance drop under
a stated domain shift (a held-out culture or scenario) will be smaller for models whose
person—environment coupling is represented explicitly, as in D3 mechanistic and stock—flow
formulations, than for models of matched in-domain accuracy in which context enters only
as a covariate. Outcome: the ratio of held-out-domain to in-domain accuracy. Criterion:
a pre-registered difference in that ratio. Rejection: equal or larger drops for the explicit-
coupling models.
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7.2.4. Dynamic Learning and Continual Evolution

Models should update parameters as behavior and environment change, using incre-
mental and few-shot learning together with simulation-based inference for robust nonlinear
tracking [20,158]. The near-term clinical payoff is concrete, since early-warning signals of
state transitions are already empirically supported [60] and pairing them with consent-
governed passive sensing [93] would convert snapshot screening into trajectory monitoring.
Recommendation. Validate any model intended to capture change on temporal generaliza-
tion, not on cross-sectional fit. Testable prediction. Hypothesis: early-warning indicators
computed from EMA or passive-sensing series at a stated sampling frequency will detect
clinically defined transitions prospectively in held-out individuals. Outcome: sensitivity
and false-alarm rate at a pre-specified lead time. Criterion: sensitivity above a stated floor
at a false-alarm rate below a stated ceiling, both set before the data are seen. Rejection:
performance at or below that of a baseline that uses the current symptom level alone; post
hoc detection in already-labeled series does not count.

7.2.5. Accountable Human—AI Collaboration

A bidirectional design should let Al act as a cognitive aid while humans retain eth-
ical review and final authority, pairing rapid recognition with oversight and real-time
correction [3,183]. Recommendation. The evidentiary standard should rise with autonomy:
randomized evaluation is the appropriate bar for any system that acts on, rather than
merely describes, a person’s psychological state, and the Therabot trial shows that such
evaluation is feasible [195]. The informative next trial is against an active comparator
rather than a waitlist, and the informative next simulation study is one that pre-registers
a collective outcome and validates against held-out human data (Section 4.6). These are
standards for evidence, not hypotheses, and are labeled accordingly.

8. Conclusions

Psychological and behavioral modeling has moved from theory-driven rule-based
models, through data-driven machine learning, to paradigms shaped by deep learning,
large language models, and foundation models of cognition. The change is more than
technical iteration, since it reflects a shift from macro-level correlation to micro-level
mechanism, from static inference to dynamic simulation, and from explanatory validation
to predictive intervention.

Organizing the field along nested levels and five modeling classes, with system dy-
namics placed as a named family and as one of the aggregation operators, yields four
judgments rather than a catalogue, and each is stated with its boundary. Models inherit
their ontologies from psychological theories whose computational readiness, scored on
formal specification and measurement maturity, varies systematically, and that gradient
rather than algorithmic capability determines where theory-informed learning is currently
feasible (C1, a conjecture with a stated test). Along the ladder from individual to collective
units the dominant use of models shifts from estimation validated against the units’ own
data to simulation validated by macro-pattern reproduction, and validation practice has
not followed; importing psychometric validation logic into generative simulation is the
most valuable methodological transfer now available (C2, restated as a claim about use
and validation rather than model form). The binding constraint on cross-scale modeling
is multilevel data, because the resources that observe individuals together with their in-
teractions are few and rarely record the collective outcome a simulation targets, so the
aggregation operator and the susceptibility—exposure split remain unidentified (C3, with
the required resource now specified). The evidence base is heterogeneous in quantity and
quality, and readiness claims must be indexed to an explicit evidence tier (C4). Against
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that background five bottlenecks recur: interpretability, privacy and ethics, cultural bias
and weak generalization, insufficient and closed treatment of temporal dynamics, and the
risks of one-directional human—AlI decision-making. Progress will depend on integrating
knowledge-driven and data-driven modeling under designs that identify causal structure
rather than merely fit it, on improving dynamic and lifelong learning for long-horizon de-
ployment, on building complementary human-AlI collaboration held to trial-level evidence,
and on responsible innovation and ethical governance. Pursued in this way, psychological
and behavioral modeling can continue to serve as a bridge between the inner world and
the external digital world.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/systems14101327/s1. S1: The full search strings, the list of
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The following abbreviations are used in this manuscript:

ABM Agent-Based Modeling

ACT-R Adaptive Control of Thought—Rational
Al Artificial Intelligence

DDM Drift-Diffusion Model

EMA Ecological Momentary Assessment
LLM Large Language Model

PRISMA  Preferred Reporting Items for Systematic Reviews and Meta-Analyses
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RCT Randomized Controlled Trial

SD System Dynamics (Stock-Flow—Feedback Modeling)
SEM Structural Equation Modeling

SOR Stimulus-Organism-Response

WEIRD Western, Educated, Industrialized, Rich, and Democratic
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