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The term generative model is widely used in human neuroimaging; however, its meaning 
is often left implicit. Prompted by observations and discussions at the 2025 Organization 
for Human Brain Mapping (OHBM) Annual Meeting, we surveyed members of the 
neuroimaging community to examine how generative models are defined, used, and 
evaluated in practice. Responses revealed some agreement on functional criteria — such 
as a model’s ability to simulate data — alongside marked disagreement about whether 
specific, widely used methods should be considered generative models. Evaluative 
priorities also varied across respondents, though out-of-sample generalization and 
interpretability were consistently emphasized. In light of these findings, we propose 
a pragmatic working definition of generative modeling, and a short set of reporting 
commitments intended to make generative claims easier to interpret and evaluate. 

To the authors of this perspective piece, the 2025 Orga
nization for Human Brain Mapping (OHBM) Annual Meet
ing was notable for the ease with which the term generative 
model circulated — often appearing without explanation, 
and as though its meaning were self-evident. In the edu
cational course on neural field theory, generative models 
appeared as mechanistic, biophysical descriptions of neu
ronal dynamics. In keynote talks and symposia, the same 
term was used to describe (generic) general linear models 
(GLMs), and black-box artificial intelligence systems. Else
where, in a roundtable celebrating the thirtieth anniversary 
of the Statistical Parametric Mapping (SPM) toolbox, “gen
erative modeling” was described as the defining feature 
that distinguished SPM from other neuroimaging software1. 
What caught our attention was not just the breadth of 

these uses, but the tension between them. Generative mod
els seemed, at once, to be something very general — almost 
a synonym for “model” — and something highly specific, 
even privileged. They were common, yet they were also in
voked as a mark of conceptual or methodological distinc
tion. This apparent contradiction led us to ask colleagues, 

informally (over coffee), what they understood the term to 
mean. Several of these conversations ended with the same 
suggestion: that we should survey the community in a more 
formal manner2. 
It is worth briefly noting that other researchers have re

marked on the ambiguity surrounding this term,1 and that 
— without attempting a sociolinguistic analysis — this am
biguity appears to reflect a gradual drift in usage across dis
ciplines. In machine learning, the term was associated with 
early work on Boltzmann machines and related probabilis
tic models,2,3 though it appears earlier still in linguistics, 
where it referred to rule-based formalisms for producing 
well-formed linguistic structures.4 In Bayesian statistics, 
the term came to denote the specification of a joint prob
ability distribution over observed data and latent variables, 
with priors encoding assumptions about the data-gener
ating process.5,6 In parallel, influential work in computa
tional neuroscience framed perception itself as a process 
of inference over latent causes of sensory input.7 Subse
quently, the term became associated with mechanistic and 
biophysical models — models in which states are intended 
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to correspond, at least approximately, to known biological 
processes that give rise to measured signals, regardless of 
whether those models are cast in explicitly Bayesian 
terms.8,9 More recently, with the increased visibility and 
use of large language models, the same term may now be 
more often understood to refer to artificial intelligence sys
tems that produce text and other content.10 

This is all to say that, from certain perspectives, a model 
may be considered generative not because it generates real
istic synthetic data, but because it supports inference about 
latent causes or parameters assumed to have generated cer
tain features of observed data. In neuroimaging, this can 
mean specifying how unobserved neuronal states, network 
interactions, or coupling weights give rise to second-order 
features of neural signals (correlations, for example) well 
enough to estimate those quantities, with realistic time-
domain simulation not serving as the primary basis for 
evaluation.11‑13 Although a diversity of perspectives is not 
surprising, it raises the possibility that researchers may be 
talking past one another using the same words to refer to 
models that differ fundamentally in their aims, assump
tions, and standards of evaluation. To move beyond anec
dote and to characterize how these different understand
ings are distributed in practice, we conducted a short survey 
of the OHBM community, combining open-ended and 
structured questions about how generative models are de
fined, used, and evaluated. In what follows, we summarize 
the results of this survey and reflect on what they reveal 
about shared intuitions and points of divergence within the 
field, before offering a pragmatic working definition and 
minimal reporting recommendations. 

RESULTS 

Our survey comprised 14 questions in total, including a 
mixture of free-text responses, multiple-choice items, and 
rank-ordering questions (see Supplementary Material). The 
survey was circulated via the OHBM mailing list and re
mained open for 2 weeks, with participation entirely vol
untary; respondents were free to skip any question. For the 
exploratory, descriptive analyses reported here, we focused 
on respondents who completed at least 5% of the survey, 
yielding a final sample of 88 respondents; full methodolog
ical details are provided in the Supplementary Material. 
For readability, percentages are rounded to the nearest 

whole number throughout this section (exact values can 
be obtained via the accompanying analysis code). Of those 
respondents who provided demographic information, 45% 
identified as principal investigators or group leaders, 23% 
as postdoctoral researchers, and 21% as doctoral students, 
with smaller proportions reporting roles such as research 
staff, clinicians, or other positions. Reported ages ranged 
from 25–34 years to 65 years or older, with the largest pro
portion of respondents (41%) falling within the 25–34-year 
age group. Among respondents who reported gender, 59% 
identified as men and 33% as women, with 8% preferring 
not to disclose. Respondents who provided location infor
mation were based across 15 countries, most commonly the 
United States (29%) and Australia (26%), followed by the 

United Kingdom (9%), Germany (6%), and Italy (6%), with 
additional representation from Canada, South Korea, India, 
Belgium, Switzerland, France, Finland, and Singapore. 
In terms of primary research area, respondents most 

frequently reported working in magnetic resonance imag
ing (MRI) (44%) and methods development or computa
tional modeling (22%), followed by multimodal imaging 
(13%) and electroencephalography (9%), with smaller rep
resentations from clinical and translational neuroscience, 
positron emission tomography, and magnetoencephalogra
phy. When asked how generative models are used in their 
own work (multiple selections permitted), respondents 
most frequently reported applications in mechanistic or 
biophysical modeling (49%) and whole-brain dynamical 
modeling (42%). Substantial proportions also reported us
ing generative models for synthetic data generation or aug
mentation (37%) and clinical prediction or stratification 
(35%). Less frequently reported uses included encoding or 
decoding models (31%), normative modeling or deviation 
mapping (24%), and simulation-based or likelihood-free in
ference (10%). Taken together, these characteristics suggest 
that the survey captured a reasonably broad snapshot of the 
OHBM community. 

HOW DO RESEARCHERS DEFINE A “GENERATIVE 
MODEL”? 

We conducted a thematic analysis of responses to the open-
ended question “In one or two sentences: what is a gener
ative model, in your own words?”, drawing on established 
qualitative methods.14 These free-text responses were in
ductively coded, codes were iteratively refined, and higher-
level themes were identified through grouping of related 
codes (see Supplementary Material). Responses clustered 
into five themes, defining generative models as: (i) mecha
nistic or biophysical forward models, in which latent phys
iological states are mapped to observed data; (ii) prob
abilistic or Bayesian latent-variable models, specified via 
joint distributions over hidden causes and observations; 
(iii) models defined by their capacity to simulate data, irre
spective of underlying mechanism; (iv) content-producing 
artificial intelligence systems, such as large language or im
age-generation models; and (v) hybrid or mixed definitions 
combining elements of multiple perspectives. This diver
sity was also reflected in responses to the multiple-choice 
question “Which definition best matches your use of gen
erative model?” (Figure 1a). The most commonly endorsed 
definition — “any model that can produce synthetic data, by 
any method (mechanistic, probabilistic, or machine learn
ing based)” — placed particular weight on a model’s capac
ity to simulate data. In line with this emphasis, most re
spondents (66%) indicated that an explicit likelihood was 
not required for a model to count as generative, and most 
respondents (59%) indicated that models unable to gener
ate raw data — operating only at the level of summary sta
tistics — would not be considered generative. 
Despite this seeming convergence and liberality, re

sponses to a question asking participants to name one 
model they considered generative and one they considered 
not generative revealed substantial disagreement. Many of 
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Figure 1. Definitions and evaluative criteria for generative models in neuroimaging. 
(a) Distribution of responses to the single-select multiple-choice question “Which definition best matches your use of generative model?”. The most frequently endorsed definition 
emphasized a model’s capacity to generate synthetic data, irrespective of mechanism. Percentages indicate the proportion of respondents endorsing each category. Two “Other” re
sponses (not shown) reflected non-use or uncertainty about model classification. (b) Models named by respondents as generative or not generative in response to an open-ended 
prompt. Closely related methods were collapsed into broader model classes for visualization (for example, different forms of neural network models or probabilistic approaches). A 
checkmark indicates that at least one respondent classified the model class as generative or not generative, respectively (checkmarks, or absence thereof, do not imply consensus). 
Model classes appearing in both columns reflect disagreement. (c) Aggregated rankings of what respondents consider evidence of a “good” generative model. Bars show the sum of 
inverse ranks across respondents, such that higher values indicate criteria more frequently ranked as most important. Respondents placed greatest weight on out-of-sample predic
tive accuracy and generalization, followed by the ability to generate realistic synthetic data and the interpretability of model parameters. Full question wording is provided in the 
Supplementary Information. 

the same approaches were cited on both sides of the gener
ative–non-generative divide by different respondents (Fig
ure 1b). For example, dynamic causal models, autoregres
sive models, and the GLM were each described as 
generative by some participants and explicitly non-gener
ative by others. These disagreements were typically justi
fied by reference to different evaluative criteria, including 
whether a model specifies an explicit forward process, 
whether it can generate raw data, and whether its parame
ters are interpreted as causal or mechanistic. In contrast, 
contemporary machine-learning systems such as genera
tive adversarial networks and large language models were 
more consistently described as generative, while purely dis
criminative or descriptive models were more often cited as 
non-generative. 

WHAT DO RESEARCHERS CONSIDER EVIDENCE OF A 
“GOOD” GENERATIVE MODEL? 

We conducted a thematic analysis of responses to the open-
ended question “What is one best practice you would rec
ommend to others when evaluating generative models?”. 
Responses clustered into six themes, emphasizing: (i) gen
eralization and out-of-sample validation, including the use 
of independent datasets and safeguards against data leak
age; (ii) interpretability and biological plausibility, partic
ularly the meaningfulness and identifiability of model pa
rameters; (iii) simulation realism and failure modes, 
including stress-testing models and examining when they 
break down; (iv) model comparison and falsifiability, 
through the use of alternative models, null models, or for
mal comparison criteria; (v) appropriateness of assump
tions, including parsimony and alignment between model, 

data, and research question; and (vi) explicit resistance to 
codified best practices, reflecting concerns that prescriptive 
standards may constrain innovation or obscure context-
specific goals. When asked to rank evidence for a “good” 
generative model, respondents placed the greatest weight 
on out-of-sample predictive accuracy and generalization, 
followed by a model’s ability to generate realistic synthetic 
data and the biological interpretability of its parameters 
(Figure 1c). 

WHAT DO RESEARCHERS CONSIDER TO BE MISUSED 
TERMINOLOGY? 

To assess whether ambiguity surrounding generative mod
els reflects a broader issue of terminology in neuroimaging, 
we examined responses to the question asking participants 
to identify commonly misused modeling terms and to clar
ify how they would define them. Responses highlighted 
concerns about the use of language that implies mechanis
tic or biological realism without sufficient justification, the 
tendency to treat formal statistical criteria as guarantees 
of scientific validity, and the conflation of prediction, ex
planation, and interpretation. Several respondents also ex
pressed unease with uncritical adoption of machine-learn
ing terminology in neuroimaging contexts. 

DISCUSSION 

The aim of this perspective was deliberately modest. We 
set out to document how generative models are currently 
understood, used, and evaluated within the human neu
roimaging community. Prompted by informal conversations 
at the 2025 OHBM Annual Meeting, we conducted a short 

What is a generative model? Definitions, disagreements, and evaluation in human neuroimaging

Aperture Neuro 3



Box 1. Minimal reporting commitments for generative claims. 
This checklist is intended to make generative claims interpretable and comparable across modelling traditions 
(for example, across mechanistic likelihood-based models and sampler-based models). 
If authors choose to describe a model as generative, we recommend stating plainly: 

1. What is being generated (or claimed to be generated)        : measurement-level data, derived targets (for 
example, correlations, spectra, features), or both. 

2. Where variability enters  : what is treated as stochastic, and at which level(s) (for example, observation 
noise, latent-state noise, parameter variability, trial-to-trial variability). 

3. What generation is conditioned on    : inputs, prompts, task design, covariates, priors, constraints, or 
other conditioning variables. 

4. Whether mechanistic interpretation is being claimed     : for latent variables or parameters, and—if 
so—what would count as an empirical test of that interpretation. 

5. How generation is implemented in practice     : via an explicit likelihood, via an explicit sampling proce
dure, or via a hybrid of the two. 

survey combining open-ended and structured questions. 
Our key finding is that, while definitions of what consti
tutes a generative model varied widely across respondents, 
judgments about how such models should be evaluated 
tended to converge. While other authors have remarked on 
disagreements surrounding modeling concepts and termi
nology,15‑19 to our knowledge this is the first attempt to 
survey how a single, widely used term is interpreted within 
neuroimaging. 
On the surface, respondents appeared to agree on broad 

criteria for what counts as a generative model — most com
monly, the capacity to simulate data (Figure 1a). Yet agree
ment was less apparent when participants were asked to 
classify specific methods: the same models were repeatedly 
placed on opposite sides of the generative–non-generative 
divide (Figure 1b). In some cases, these disagreements ap
peared to reflect differences in context of use. A GLM, for 
example, might be considered a mechanistic model when 
used to map known experimental inputs — convolved with 
a hemodynamic response function — onto functional MRI 
data,20,21 whereas in other settings it may simply be used 
as an ordinary least-squares tool for relating observed vari
ables, without much commitment to how those relation
ships should be understood.22 Despite divergent defini
tions, when it came to evaluative criteria respondents 
largely converged on the importance of out-of-sample gen
eralization, simulation realism, and interpretability, while 
placing less weight on formal criteria such as model evi
dence or computational efficiency (Figure 1c). Agreement, 
where it existed, tended to concern what models should do, 
rather than what they should be called. 
The final set of responses helps to place these findings 

in a broader context. When asked about commonly misused 
terminology, participants pointed to similar problems else
where in the field: language that implies mechanistic or 
biological realism without sufficient justification, and per
sistent confusion between prediction, explanation, and in
terpretation (for example). If there is one practical lesson 
to draw from this survey, it is that clarity is a minimal re

quirement: when using the term generative model (and in
deed, any other ambiguous term), researchers should state 
explicitly what they mean by it in context. 
Before closing this section, it is worth noting that the 

disagreements captured by the survey were not entirely 
dispassionate. The tone of many free-text responses was 
striking. Some respondents treated their views as self-evi
dent; others resisted the premise that generative modeling 
requires definition at all; others openly described confu
sion. Taken together, these reactions suggest that ambi
guity around generative models is not merely a technical 
problem, but one bound up with disciplinary identity and 
assumptions about what should go without saying. Against 
that backdrop, we offer a pragmatic working definition and 
a minimal set of reporting items — not to enforce consen
sus, but to make disagreements explicit and easier to eval
uate. 

WORKING DEFINITION AND INITIAL 
RECOMMENDATIONS 

One thing is clear: we cannot define the term generative 
model in a way that satisfies all the views we have docu
mented. If one insists that a generative model must gener
ate raw data (rather than summary statistics) and encode 
biophysical mechanisms, we risk excluding models that 
many researchers regard as paradigmatic — models evalu
ated via prediction of second-order data features,11‑13 for 
instance, and general-purpose conditional generators 
trained to produce realistic samples.23,24 At the same time, 
the view — commonly held, as we have shown — that an 
explicit likelihood is not required does not remove what we 
take to be a basic requirement: a generative model must 
specify a source of variability so that it can produce sam
pled realizations of data under stated parameter, latent-
state, or prior settings. 
Thus, we propose that the term generative model should 

refer to a model that specifies a forward data-generating 
scheme linking latent variables and parameters to neu
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roimaging observations (or derived targets), whether that 
scheme is written as an explicit likelihood or implemented 
as an explicit sampling procedure. Of course, the point is 
not simulation for its own sake. In many neuroscientific ap
plications the forward scheme is introduced to support in
version — inference on latent quantities from data. In other 
applications, including modern sampler-based artificial in
telligence systems (generative adversarial networks or dif
fusion-based models, for example), the forward scheme is 
learned as a sampler and is used primarily for conditional 
generation or prediction, with applications such as impu
tation, forecasting, and assessing responses to perturba
tions of conditioning inputs. Both can be seen as falling 
under the same umbrella. What matters is that the model 
states what is stochastic (where variability enters) and how 
model-consistent samples are produced under stated set
tings. By contrast, purely descriptive associations or dis
criminative mappings (reporting correlations or decoding 
observed features into labels, for example) may be useful, 
but are not generative under this definition unless embed
ded in a forward data-generating scheme. 
Again, this is a pragmatic (broad) definition, and pre

cisely because it spans mechanistic forward models used for 
inference and learned samplers used for prediction, differ
ences in modelling ambition should be stated, not assumed. 
If authors choose to describe a model as generative, we rec
ommend following a minimal set of reporting commitments 
(Box 1). Questions of evaluation — what counts as a strong 
test of a generative claim, and how to align checks with 
aims, for example — are substantial, and will be the focus of 
future work. Here, we simply hope to have gone some way 
toward making it harder for different models — and differ
ent goals and standards of evidence — to pass under the 
same name unnoticed. 

DATA AND CODE AVAILABILITY 

The survey data analyzed in this study have been de-identi
fied and include only revised codes and thematic variables, 
with no free-text responses, initial coding labels, or direct 
identifiers retained. The processed dataset and all analy
sis code are publicly available at https://github.com/md
greaves/ohbm-generative-models-survey, and are archived 
at Zenodo: https://doi.org/10.5281/zenodo.18238047, en
abling reproducibility of the reported results. 
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