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ABSTRACT

Predictive analytics based on machine learning (ML) and artificial intelligence is a powerful tool enabling precision
psychiatry and providing insights into brain-behavior relationships. However, given the mixed results observed in the
field so far, making meaningful progress requires careful consideration of several key challenges to ensure the
validity of models and findings, including overfitting, confounding biases, site effect harmonization, and interpret-
ability, among others. First, we highlight limitations of cross-validation, a ubiquitous ML strategy used to prevent
overfitting and obtain generalization estimates, emphasizing the risk of performance inflation and the need for
independent validation. Next, we introduce different types of so-called third variables that can influence the ex-
amination of a brain-behavioral relationship of interest in different ways, using causal inference principles. We
emphasize the biasing impact of confounding variables on ML models and summarize common mitigation strate-
gies. We then discuss site-specific effects in multisite datasets, reviewing different harmonization strategies to
reduce unwanted variability and site-specific noise. Finally, we explore post hoc model interpretation methods to
enhance model transparency while cautioning against misinterpretation. By integrating rigorous result validation,
confounder control, and interpretability techniques, researchers can ensure that ML models produce more reliable

and generalizable findings and avoid spurious associations.

https://doi.org/10.1016/j.biopsych.2025.09.003

Predictive machine learning (ML) models using neuroimaging
data that reliably forecast clinical outcomes and individual risk
profiles can facilitate personalized and effective psychiatric
treatments. Such models can assist conventional symptom-
based assessments by providing objective, data-driven diag-
nostic tools, thereby addressing a longstanding need for
objective biomarkers in psychiatry (1-5). Improved data
acquisition, large-scale data sharing, and advanced analytics
together have raised expectations for future advancements
(6-9). Recent research has demonstrated the capability of
predictive models to uncover complex and subtle patterns in
neuroimaging data supporting diverse tasks including diag-
nosis, prediction of treatment response, and disease subtyp-
ing for diverse psychiatric conditions (10-16). Furthermore,
neuroimaging-based ML models have helped develop and
validate new symptom-based scores that capture individual
differences better than traditional diagnoses, supporting more
personalized assessment and treatment in mental health
(2,17,18).

However, some studies have questioned the robustness
and generalizability of ML results (19,20). In addition to
addressing data reliability (21,22), it is crucial to tackle key
challenges such as data biases including confounding effects,
harmonization of multisite datasets, and methodological is-
sues in model evaluation and interpretation. In this perspective
article, we aim to deepen the understanding of these
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challenges and associated methodological caveats and pro-
vide guidance where possible.

Supervised ML learns patterns from measured data, where
input features (X), such as imaging-derived phenotypes, are
used to predict a target variable (Y), such as a clinical diag-
nosis. Its strength lies in detecting subtle multivariate re-
lationships often missed by conventional analytical methods.
Crucially, the main objective of a predictive model is to ach-
ieve accurate predictions on new unseen data—referred to as
out-of-sample generalization. Cross-validation (CV) is
commonly used for estimating generalization performance.
However, it can produce biased and unstable results, partic-
ularly leading to overoptimistic performance estimates when
sample sizes are limited (20,23). Therefore, the output of a CV
process must be treated carefully, as we will elaborate in CV Is
an Estimation. Biases in data can lead to biased models and
misleading insights, compromising both clinical decision
making and scientific insights. Understanding Third-Variable
Effects in Biomedical Research addresses these biases
through the lens of third variables, introducing key causal
concepts to identify and manage them. Special emphasis is
placed on confounding variables, commonly encountered
type of third variables, particularly relevant in observational
data (24-27). ML models typically perform better with large
datasets (28), but combining data from multiple sites can
introduce site effects—biases from systematic differences in
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acquisition (29). Data harmonization helps address this
(80,31), but Effects of Site and Data Harmonization highlights
key caveats when applying commonly used data harmoniza-
tion methods within ML pipelines. Finally, Post Hoc Model
Interpretation details the need to carefully consider model
characteristics and the validity of post hoc interpretations to
ensure meaningful insights (32)—key to clinical adoption of
predictive analytics. The key challenges and potential mitiga-
tion strategies are summarized in Table 1.

CV IS AN ESTIMATION

Much like the process of conducting clinical trials in drug
development requires extensive testing on independent pa-
tient populations—often involving years of research, regula-
tory approval, and significant financial investment—collecting
new datasets to validate ML models can also be lengthy and
resource intensive. To circumvent this obstacle, the widely
adopted methodology to evaluate a model’s out-of-sample
generalization is to partition the data into training and testing
sets, emulating unseen data. This is known as CV.

CV comes with several challenges and limitations that
have been extensively discussed in the literature, including
unreliable estimations of variance (33), overoptimistic and
unstable performance estimates due to small sample size
(23), overfitting (34), concerns related to data averaging (35),
and selective reporting of findings (36). A fundamental limi-
tation of CV, however, has not been emphasized—it provides
an estimation rather than measuring a model’s true perfor-
mance. While CV is often thought to estimate how a partic-
ular model is expected to perform on new unseen samples, it
only estimates the average performance of models trained on
different but equally sized overlapping subsets of the avail-
able data (37).

Drawing on the analogy with clinical trials in drug devel-
opment, CV estimates can be thought of as results obtained
during the early phases of such trials. Like drugs, ML models
are intended for real-world deployment once proven effective.
However, as with pharmaceuticals—where approximately
90% of candidates ultimately fail, and even 41% fail during
phase Il despite earlier success (38)—ML models often
encounter similar challenges. A model may demonstrate high
accuracy under CV but still fail when applied beyond the
controlled development setting and data, highlighting the
limitations of early-phase evaluation (39).

Building an ML model encompasses selecting from a
diverse pool of data processing steps and learning algorithms
that can be parametrized and combined in a myriad of ways.
This flexibility often leads to iterative refinement to obtain high
CV accuracy. This iterative process, even when unintentional
or carried out by different research teams, exacerbates per-
formance overestimation: As models are repeatedly tuned and
retested on the same data, they become increasingly tailored
to idiosyncrasies of the sample rather than learning robust,
generalizable patterns (40), which might even lead to false
positives (41). Overestimated performance can lead to false
confidence in the model’s ability to uncover meaningful and
general biological or behavioral associations, ultimately
skewing conclusions and limiting reproducibility and real-
world applicability. Readers should be mindful of the
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inherent limitations of CV and consider the broader context in
which the results were obtained, including sample size, origin
of the data, and previous findings in the literature. In addition
to every researcher following good practices, the re-
sponsibility lies with the reader to critically assess whether the
reported findings are robust, generalizable, and meaningful
within their specific domain of application.

We recommend using nested CV for unbiased error esti-
mates, with comparisons being restricted to a preselected set
of candidate workflows. To avoid data leakage, all pre-
processing should be strictly performed within training folds
(42). Statistical model comparisons should rely on appropriate
paired tests (43), and all tested models and hyperparameters
should be reported transparently. Finally, results should be
interpreted carefully, keeping in mind that CV estimates reflect
the average performance of the modeling procedure rather
than the exact error of the final fitted model. The latter should
be validated on an independent test dataset to confirm
generalizability.

UNDERSTANDING THIRD-VARIABLE EFFECTS IN
BIOMEDICAL RESEARCH

Predictive models in psychiatry aim to either elucidate
neurobiological mechanisms or support clinical decision
making. Both goals require generalizable models. However,
third variables (Z) can influence the relationship of interest
between features (X, e.g., brain imaging measures) and out-
comes (Y, e.g., clinical phenotypes), potentially hindering
generalizability. In biomedical and psychological research,
where biological, behavioral, and environmental factors are
tightly interwoven, third-variable effects are often unavoidable,
as has been demonstrated in large-scale observational data-
sets such as the UK Biobank (44,45).

Third variables can act as confounders, colliders, or me-
diators, each affecting the feature-target relationship differ-
ently and therefore requiring distinct handling (Figure 1).
Correlation-based criteria alone cannot distinguish between
these types as all could produce the same correlation with
both Xand Y (46). Instead, cause-effect reasoning, often aided
by directed acyclic graphs (DAGs), is needed for distinction
(47,48).

A confounder is a common cause of both X and Y, biasing
their relationship and the respective predictive model if not
controlled for [confounder bias, Simpson’s paradox (49)]. For
example, early childhood trauma may confound the relation-
ship between hippocampal volume (e.g., stress-induced
increased glucocorticoid exposure reducing synapto- and
neurogenesis) (50) and depression risk (e.g., via higher likeli-
hood of unhealthy lifestyles) (51). In contrast, a collider is a
common effect of X and Y. Controlling for a collider induces a
spurious X-Y association, biasing the predictive model
[collider bias, Berkson’s paradox (52)] [e.g., (53,54)]. For
example, depression can act as a collider in studies of sero-
tonin receptor function (e.g., using positron emission tomog-
raphy) and cortisol levels because depressive symptoms can
result from both reduced 5-HT,5 receptor binding (55) and
hypercortisolemia (hypothalamic-pituitary-adrenal axis
dysfunction) (56). A mediator lies on the indirect causal path
from X to Y, transmitting part of the effect (46). For example,
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Table 1. Overview of the Different Challenges, Examples, Suggestions, and Recommended References

Challenge

Example

Recommendation

Key References

Model Evaluation

Biased and Unstable CV Estimates

Cherry-Picking of CV Results

Performing k-fold CV in small samples
(e.g., N = 100) or performing leave-one-
out CV can inflate performance.

Reporting results from 1) one (the best) CV
fold, 2) train performances, or 3) the
best-looking error metric.

Use sample sizes that lead to reasonably
sized inner CV data splits (e.g., if
N =100, in a 10-fold inner and outer CV,
there would only be 1 sample left for
testing in the inner CV; this is not
reasonably sized). Avoid leave-one-out
CV.

Report performance mean and SD across
folds.

Report test set errors.

Use multiple error metrics.

Varoquaux et al. (23)

Komiyama and Maehara
(36)
Demsar et al. (111)

Confounding/Third Variables

Biased and Biologically Misleading
Models Due to Confounding

Incorrect Adjustment for a Collider

Adjustment for a Default Set of
Variables

A model falsely attributes structural brain
changes to schizophrenia when in reality
these changes are (partially) driven by
aging or long-term medication use.

A variable is identified as confounder
based on correlations but is actually a
collider, so its adjustment introduces
bias.

Default adjustment for demographics,
such as age and sex, without further
consideration of variable relationships.

Use DAGs to systematize variable
relationships around the research
question of interest to select proper
adjustment variables, e.g., through the
so-called backdoor criterion. Avoid
using default research question
agnostic confounders such as age or
sex but communicate informed
decisions transparently.

Use DAGs to make variable relationships
transparent and identify appropriate
deconfounding variables.

Use literature and domain knowledge to
arrive at relevant variables and model
their relationships using a DAG.

Pearl et al. (58)

Wysocki et al. (46)
Komeyer et al. (27)
Rohrer et al. (59)

Pearl and Mackenzie (61)
VanderWeele et al. (60)
Pearl et al. (58)

Wysocki et al. (46)

Pearl and Mackenzie (61)
Komeyer et al. (27)

Data Harmonization

Separate Train-Test Splits When
Harmonizing Data to Avoid Data
Leakage

Expected Nonlinear Covariate
Effects

Site-Target Relationship

Estimating Number of Images per
Site to Train the Harmonization
Models

Original proposed ComBat finds its
parameters on the whole datasets,
which is only compatible with classical
statistical analysis, but not with ML
studies, where separated train and test
sets are needed.

Biological information, for example related
to age, often presents nonlinear effects
that traditional ComBat cannot model.

Data acquired at each site may have
different proportions of classes, for
example patients and control
participants. ComBat-based methods
may require test labels to correctly
harmonize without removing relevant
information.

There is a minimum number of images for
each site that are needed to correctly
estimate the parameters of the models.

When integrating in ML pipelines, use
newer versions of ComBat that allow
separation of train-test, such as
neuroHarmonize, harmonizer, and
ComBat-MEGA.

Allows for estimation of more complex
covariate effects. neuroHarmonize
allows for this flexible covariate effect
estimation.

Estimate the degree of site-target
dependence and use leakage-free
harmonization models such as
PrettyHarmonize, which do not need
test targets to correctly harmonize.

The required N is a function of the number
of sites, number of features, and
intrinsic characteristics of the problem.
The Mahalanobis distance was
proposed to quantify the multivariate
site effect and estimate the minimum N.

For ComBat, between 20 and 30 samples
per site are needed. ComBat-based
methods are recommended with a low
number of images, in contrast to DL-
based models, which require more data.

Fortin et al. (76)
Marzi et al. (90)

Radua et al. (31)
Hu et al. (84)

Fortin et al. (76)

Nieto et al. (92)

Parekh et al. (112)
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Challenge

Example

Recommendation Key References

Harmonization on Unseen Sites

Uncompleted Effect of Site
Removal

Uneven Classification Prediction
Across Sites

Covariance Harmonization

Not Possible to Access Raw Data
From All the Sites

Repeated Measurements for Each
Participant

We aim to harmonize new data that were
acquired in a new site that was not used
for training the harmonization model.

Effects of site can be due to complex
interaction in the data. Some of the
methods may partially remove the
effects of site and lead to bias
estimations.

When most of the data come from 1 site,
ML can underperform in smaller sites.

ComBat can only correct mean and
variance but cannot correct covariance.

Privacy-preserving scenarios are common
in medical applications. Access to raw
data is not always possible.

When monitoring neurodegenerative
diseases, such as Parkinson’s, several
images from the same participant may
be acquired.

ComBat is not able to harmonize data
from sites that were not included at
training time. NeuroHarmony relies on
IQMs instead of site ID; thus, it can be
applied to any image where the IQM can
be extracted, and the obtained IQMs are
in the range of the training images. DL
methods can also harmonize data from
unseen data.

Garcia-Dias et al. (113)
Abbasi et al. (93)

Evaluate harmonization models to validate
its capacity to remove the effect of site.
Alternatively, leave-one-site-out CV can
help to evaluate robustness and
generalization of the models.

Solanes et al. (29)

Report several metrics and perform
separate metrics for each site.
Calculate multisite-specific metrics.

Solanes et al. (74)

CovBat is recommended in those cases,
as it is specifically designed to
harmonize mean, variance, and
covariance.

Chen et al. (91)

Distributed ComBat demonstrated similar
performance as ComBat without direct
access to the raw data.

Chen et al. (114)

When repeated measures are available,
LongitudinalComBat is recommended.

Beer et al. (115)

Result Interpretation

Feature Importance
Misinterpretation

Overstated Importance
(Meaningless Explanations)

SHAP shows age as the most important
feature in a depression classifier—is this
meaningful?

Gray matter volume is the most important
feature. Model accuracy is almost at
chance level.

Contextualize feature importance (e.g.,
age may be a confounder). Use domain-
specific knowledge to interpret. Do not
confuse true to the model with true to
the data, and do not confuse feature
importance with causal explanations.

Chen et al. (116)
Molnar (103)

Assess model’s performance using Molnar (103)
multiple complementary error metrics
(e.g., AUROC and balanced accuracy).

Report model accuracy alongside
interpretations.

Contextualize interpretation of the model’s

accuracy.

AUROC, area under the receiver operating characteristic curve; CV, cross-validation; DAG, directed acyclic graph; DL, deep learning; IQM, image quality metric; ML,
machine learning; SHAP, Shapley Additive exPlanations.

cortisol levels may mediate (indirect path) the direct effect of
amygdala hyperactivity (e.g., measured through functional
magnetic resonance imaging [MRI]) on depressive symptoms
(56,57). Whether to adjust for mediators depends on whether
the partial direct effect (amygdala hyperactivity — depressive
symptoms, control for mediator) or the full effect including the
indirect pathway via cortisol (do not control) is being sought
(Figure 1).

To build valid models, researchers must account for third-
variable types and mitigate bias accordingly. While simplified
DAGs (Figure 1) illustrate basic principles, real-world neuro-
biological applications often involve complex in-
terdependencies between many variables. To ensure
unbiased predictive models, confounders must be controlled,
while making sure not to control for colliders. However, in
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practice, confounder selection often lacks transparency or is
based on default variables (e.g., demographics), increasing
the risk of inadvertent effects, e.g., through collider
adjustment.

A 3-step approach can help identify which variables to
correct for. First, using literature-derived and clinical knowl-
edge to build a DAG around the relationship of interest can
clarify variable roles (types of third variables) and communi-
cate assumptions transparently. Specifically, this DAG aids in
identifying confounding pathways and therefore a correct set
of variables to control for in the second step, for example
through tools such as the backdoor criterion. The backdoor
criterion originates in the causal literature (58) and states that
to estimate a causal effect of variable X on outcome Y, it is
necessary to block the so-called backdoor paths, i.e., paths
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Figure 1. Definition of the different types of third variables, confounder, collider, and mediator using a directed acyclic graph. Each theoretical definition is
supported by a simple biomedical example, and a recommendation for handling the respective type of third variable (action) is given.

with noncausal flow of information. Transferred to the field of
associative predictive modeling, this translates to adjusting for
variables that lie on indirect paths between X and Y with
incoming arrows to X in the previously specified DAG (step 1).
Online tools such as Dagitty (https://www.dagitty.net/dags.
html) can support identifying biasing paths [see e.g.,
(27,48,58-61) for in-depth information]. Third, the identified
variables should be checked for their statistical association
with both X and Y, after which the actual model adjustment
process can follow standard approaches from the ML litera-
ture [e.g., (26,62,63)).

Failing to adjust for confounders can lead ML models to
learn spurious associations, capturing dataset-specific arti-
facts rather than neurobiologically meaningful patterns. This
makes proper confounder selection and handling essential. In
causal inference and treatment-outcome modeling, con-
founders are explicitly adjusted for to estimate causal effects,
whereas in ML, they need to be considered to avoid unwanted
bias or shortcuts that degrade generalizability of models and
results. For example, in psychiatric research, age, medication
use, and comorbidities can result in misleading associations
between imaging-derived features and diagnostic labels. For
example, a model may erroneously attribute structural brain
changes to, e.g., schizophrenia when, in reality, these changes
are (partially) driven by aging or long-term medication use.
Likewise, comorbid conditions (e.g., anxiety, substance use
disorder) can influence both brain imaging features and psy-
chiatric diagnoses, making it difficult to disentangle disorder-
specific neural signatures from overlapping, but distinct, effects.

844

Once identified, several post hoc confounder mitigation
methods exist, each with implications and tradeoffs. Residu-
alization removes confounder influences by often univariate
linear regression of the confounder on features or target with
subsequent residualization (true minus predicted feature/
target) [e.g., (64)] but may leave nonlinear or multivariate
confounding unaddressed and can even leak confounding
signal into features or target (65). Matching balances distri-
butions of confounding variables across groups or classes,
thereby conditioning on the confounders and mitigating bias
[e.g., (66)]. However, matching is data inefficient as un-
matched samples are discarded and becomes increasingly
complex with multiple confounders. Matching should not be
confused with stratified CV [e.g., StratifiedKFold (67)], which
ensures comparable distributions (e.g., of the target) between
data splits but does not break confounder-feature/target as-
sociations, making it ineffective for mitigating confounding
bias [e.g., (68)]. Including confounders as features/covariates
can improve model performance but can reduce generaliz-
ability if confounder distributions shift across datasets (64)
and does not give insights into feature-target mechanisms
because these will be distorted by the confounders’ influence.
Post hoc tests [e.g., partial and full confounder tests (69)] can
help assess model reliance on confounders but do not correct
for them.

Thoughtful investigation and integration of third-variable
structures is essential for unbiased models that allow for
valid, generalizable, and interpretable ML research in psychi-
atry. Unbiased models require deliberate confounder control,
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while improper adjustments (e.g., for colliders) must be avoi-
ded. Although confounder control may reduce apparent per-
formance, it yields more meaningful and replicable results.
Once appropriate confounders are identified, established
confounder control strategies can be applied. DAGs provide a
transparent framework for highly interwoven biomedical data
to identify and justify adjustment variables by clarifying causal
roles. Therefore, future work should move beyond default
confounders (e.g., age, sex) toward question-specific, DAG-
informed adjustments. Making this a standard practice in
brain-based association studies will promote more generaliz-
able models with greater psychiatric and clinical relevance.

EFFECTS OF SITE AND DATA HARMONIZATION

The acquisition of brain imaging data has expanded, greatly
driven by advances in neuroimaging technologies. Detecting
brainwide associations requires large samples for statistical
and predictive analyses (28,70). Open science initiatives have
facilitated this by making numerous datasets publicly available
(71). The use of multisite data may also improve generalization
by capturing biologically and demographically diverse sam-
ples (72). However, because collecting datasets is time- and
resource intensive, pooling data from multiple sites has
become common practice. While this approach offers great
potential for advancing empirical neuroscience and predictive
modeling, it also introduces new challenges, because sys-
tematic differences across sites can bias the resulting models.

Site-related data variability can stem from 2 main sources:
acquisition differences and population differences. Variability
due to acquisition is primarily driven by factors such as dif-
ferences in scanners, imaging protocols, acquisition parame-
ters, target definitions, or measurement procedures, none of
which are related to biological signals (73). When this un-
wanted variability only affects the features (X) it is referred to
as effects of site (Figure 2A) and can introduce bias into
research outcomes if not properly identified or inadequately
addressed (29,74). For example, MR images acquired from 2
scanners from the same manufacturer with the same param-
eters can differ (75), which extends to imaging-derived fea-
tures (76) and nuances in image processing pipelines (77).
Additionally, target can be also influenced by site due to
sampling bias, differences in acquisition instruments, or
different target definitions at each site/study (20). For example,
there are different criteria in the Alzheimer’s disease stages in
the available datasets (78-80). These cases of different target
definitions are also present in schizophrenia (20) and
depression (81).

Beyond measurement-related variance, each site may re-
cruit diverse populations, introducing sampling bias tied to the
site’s location and demographic reach. This may result in
differences in diets, genetics, environmental factors, or so-
cioeconomic factors, which are correlated with brain charac-
teristics (82). Different sites may also recruit different target
distributions, e.g., healthy control participants recruited at one
site and patients at another.

If site affects the features, its role as a confounder depends
on whether it also influences the target (Figure 2). When site
does not affect the target, it acts as systematic noise, masking
the biological signal (Figure 2A). In this case, removing site
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effects from features can improve the signal-to-noise ratio,
thereby aiding meaningful learning and robustness (83).
However, if site also influences the target, it becomes a
confounder, enabling models to achieve high accuracy by
exploiting nonbiological site information (Figure 2B) (see pre-
vious section).

Harmonization methods aim to eliminate site-specific vari-
ability while preserving signals of interest. When properly
applied, they enhance statistical power, generalizability, and
interpretability (73,84-87). These methods can be broadly
classified into statistical approaches, primarily based on
ComBat, and deep learning (DL) methods. It should be noted
that data harmonization has different meanings across fields.
For example, in psychology it refers to aligning different tex-
tual expressions to a common, semantically equivalent form
(88). These fall outside the scope of this discussion. Finally,
although data harmonization can provide appealing advan-
tages, it may not be beneficial or even detrimental for some
tasks (89).

ComBat is a commonly used harmonization method in
statistical analyses and is the core of other proposed
methods. ComBat was developed for genomics and later
adapted for neuroimaging (76). Initially, ComBat estimates its
parameters using the entire dataset, which is appropriate for
statistical analysis but conflicts with ML principles—
specifically, it violates the separation between training and
test data, leading to data leakage (42,90). Extensions of
ComBat allow for train-test separation (31,76,90). Some of the
most prominent of ComBat’s limitations are that it assumes
that all features are in the same range, sites have similar
numbers of images (at least 20), and the variance is equally
distributed across sites. Additionally, it cannot correct fea-
tures covariance (91), and it cannot be applied to data from an
unseen site. Fortunately, several methods have been pro-
posed to overcome these limitations (see Table 1). Addition-
ally, the method struggles if site is a confounder (Figure 2B), as
it assumes that any nonshared variance across sites is un-
desirable and could remove target variance, unless the target
is preserved by specifying it as a covariate. However, this
requires knowing the target value at test time, introducing
leakage and precluding real-world application (92). Alterna-
tively, normative modeling has also been proposed for
harmonization, with the main difference being that the site
effects are not estimated and removed, but the data are
normalized instead (73).

DL-based harmonization methods offer a more flexible
data-driven approach (93) by leveraging different ML archi-
tectures (94-97). DL approaches do not explicitly make as-
sumptions about the nature of the site effects and can be
applied at the image or feature level and can harmonize data
from unseen sites. However, they require a substantial amount
of training data. Finally, phantoms or traveling subjects allow
training harmonization models without mixing biological and
site variance (98), but it is inefficient and costly (99,100).

In summary, data harmonization has become a funda-
mental step in large-scale neuroimaging analysis. While
acquisition sites mainly affect the features through instru-
mental factors, it can also affect the targets. It is essential to
adapt the harmonization approach to the specific context of
the study; in classical statistical studies, harmonization should
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Site is a confounder
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J

Figure 2. Different possible scenarios of the impact of site on features and target. Depending on the influence of site on the target, site does not act as a

confounder (A) or does act as a confounder (B).

prioritize the removal of site-specific biases to increase sta-
tistical power. In ML applications, extra considerations must
be taken to correctly integrate harmonization methods in ML
pipelines to avoid data leakage, unintentional removal of
relevant signal, and ungeneralizable results. Choosing an
appropriate harmonization method critically depends on the
problem at hand, the data type (structural, functional or
diffusion MRI), and the overarching research question. De-
cisions such as harmonizing on voxel or feature level, avail-
ability of traveling subjects or longitudinal data, and
application on unseen sites are just a few examples of con-
siderations important to identify a suitable harmonization
method. While basic recommendations are presented in
Table 1, please see (73,84,93) for a detailed discussion.

POST HOC MODEL INTERPRETATION

In clinical and research applications, high predictive accuracy
alone is insufficient; understanding how models arrive at their
predictions is equally important. A model must be evaluated
beyond predictive accuracy (101), because it may incorrectly
rely on site-specific factors or spurious third-variable associ-
ations, such as predicting improved myocardial infarction re-
covery in smokers due to age-related confounding (i.e.,
smokers are younger with a higher chance of recovery) (102).
In psychiatry, an example of a common pitfall is the misattri-
bution of brain-related differences to a disorder rather than
medication effects. Model interpretability can help detect such
wrong associations. Beyond determining what a model pre-
dicts, model interpretation can clarify why it reached that
conclusion, ensuring meaningful and clinically sound findings
(103). By examining the model’'s decision process, re-
searchers can check whether it is consistent with biological
and clinical knowledge before interpreting them as novel
biomarkers.

Interpretability can be achieved either by model-specific (by
design) or model-agnostic methods (103). By-design
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interpretability uses inherently interpretable algorithms (e.g.,
decision trees, linear models) as they rely on internal repre-
sentations learned by the selected algorithm. For example,
decision trees reveal exactly how decisions were made, or
linear regression weights, particularly when Haufe-
transformed (104,105), provide reliable feature importances.
While informative, model-specific approaches restrict algo-
rithm choice and may be too simple for capturing complex
data patterns, potentially compromising predictive perfor-
mance. Nonetheless, they can be a suitable choice if they
align with the assumed variable relationships in the data.
Model-agnostic interpretation, in contrast, can be applied to
any model and must always be performed post hoc. In prac-
tice, psychiatric research questions likely will benefit from
more complex models; thus, we will focus on challenges
related to model-agnostic interpretation.

Consider a study yielding a successful model that accu-
rately predicts unseen data. The next step is to determine how
the model used the features to predict the target variable, i.e.,
to uncover the internal rules governing the model’s decision-
making process. Model-agnostic approaches quantify the
contribution of each feature to the model’s prediction by
performing predictions on perturbed input data and
comparing the outcomes (106). For example, permutation
feature importance (107) randomly permutes a feature (or set of
features) to break potential relationships with the target, com-
pares performances between original (unpermuted) and
permuted features, and the diverging loss in performance is
considered the feature’s contribution to the model’s prediction.
A widely adopted alternative is Shapley Additive exPlanations
(SHAP) (108), based on Shapley values (109), which de-
composes the predictions into additive feature contributions.
SHAP captures the relative importance of a feature in driving a
model’s decisions and is applicable to a variety of model types
by providing respectively suitable explainers [e.g., Molnar (103)].

Nonetheless, 2 caveats are critical when interpreting in-
sights obtained through post hoc model interpretation. First,
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feature importance is always assessed in a multivariate
context, i.e., the interpretation depends on the relationships
and interactions among all variables. A feature may appear
important because it provides information not captured by any
other variable. However, this does not necessarily imply that
the feature is informative about the target variable in isolation.
Conversely, a feature may appear unimportant because its
information is shared with other variables (multicollinearity). In
brain-related and psychiatric research, multicollinearities are
common (e.g., among neighboring brain areas or between
age, medication use, and illness duration). In such cases,
interpreting feature groups rather than individual features is
more meaningful. Usage of Owen values instead of SHAP
values can be a suitable solution (110). Second, and critically,
these methods estimate the contribution of features to a
model’s decision but do not assess whether the decision itself
is correct. A feature may strongly influence a prediction, yet
the prediction could still be incorrect. The insights from
explanation methods are inherently tied to the model’s pre-
dictive performance, reflecting only the aspects of the domain
that contribute beyond chance-level predictions. As feature
importance reliability is correlated with prediction accuracy
(104), feature importance results should always be presented
alongside performance metrics and not be interpreted as
clinically meaningful when performance is near chance level.

Taken together, model interpretation is as essential as
achieving high accuracy when applying ML approaches.
Importantly, interpretation methods should be applied only
after confirming that the model performs above chance level.
Unlike hypothesis testing with defined significance thresholds,
no standard defines how much above chance is enough to be
considered successful. This ambiguity, in combination with
the multivariate nature of predictive models, means that as
readers, we must interpret feature importances while carefully
considering the model's limitations (also see CV Is an
Estimation). Generally, model-derived feature importances
should be related to existing domain knowledge to avoid
overinterpretating spurious results.

CONCLUSIONS

While ML provides powerful tools for neuroimaging-based
decision making in psychiatry, evaluating the generalizability
and reliability of such models demands rigorous scrutiny. CV
can inflate performance estimates, and findings may be dis-
torted by confounding variables, site-specific biases, or
spurious correlations that misrepresent true brain-behavior
associations. Importantly, the patterns uncovered by ML
models reflect the statistical structure of the data, not
necessarily causal or biologically meaningful mechanisms. To
draw valid inferences, researchers must adopt robust meth-
odological practices such as identifying and controlling for key
confounders, applying proper harmonization techniques, us-
ing independent validation datasets, and predefining analysis
pipelines.

Tools such as SHAP can support interpretation by high-
lighting which features contribute to predictions, but these
outputs must be considered in light of the model’s overall
performance—evaluated using clinically relevant metrics such
as accuracy, sensitivity, specificity, area under the receiver
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operating characteristic curve, and precision—and the context
in which the data were collected. Where appropriate,
decision-curve analysis and confusion matrices can help
assess the practical utility of model-guided decisions in psy-
chiatric settings.

Ultimately, we underline that ML should not be viewed as a
shortcut to understanding complex brain-behavior associa-
tions but rather as an approach that, when used carefully, can
generate testable hypotheses and clinically relevant insights.
We encourage both researchers and clinicians to interpret ML
findings with a critical eye, weighing methodological trans-
parency, validation rigor, and clinical plausibility to ensure that
conclusions reflect meaningful and generalizable relation-
ships, not statistical artifacts.
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