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IMPORTANCE Biological psychiatry aims to understand mental disorders in terms of altered
neurobiological pathways. However, for one of the most prevalent and disabling mental
disorders, major depressive disorder (MDD), no informative biomarkers have been identified.

OBJECTIVE To evaluate whether machine learning (ML) can identify a multivariate biomarker
for MDD.

DESIGN, SETTING, AND PARTICIPANTS This study used data from the Marburg-Münster
Affective Disorders Cohort Study, a case-control clinical neuroimaging study. Patients with
acute or lifetime MDD and healthy controls aged 18 to 65 years were recruited from primary
care and the general population in Münster and Marburg, Germany, from September 11, 2014,
to September 26, 2018. The Münster Neuroimaging Cohort (MNC) was used as an
independent partial replication sample. Data were analyzed from April 2022 to June 2023.

EXPOSURE Patients with MDD and healthy controls.

MAIN OUTCOME AND MEASURE Diagnostic classification accuracy was quantified on an
individual level using an extensive ML-based multivariate approach across a comprehensive
range of neuroimaging modalities, including structural and functional magnetic resonance
imaging and diffusion tensor imaging as well as a polygenic risk score for depression.

RESULTS Of 1801 included participants, 1162 (64.5%) were female, and the mean (SD) age was
36.1 (13.1) years. There were a total of 856 patients with MDD (47.5%) and 945 healthy
controls (52.5%). The MNC replication sample included 1198 individuals (362 with MDD
[30.1%] and 836 healthy controls [69.9%]). Training and testing a total of 4 million ML
models, mean (SD) accuracies for diagnostic classification ranged between 48.1% (3.6%) and
62.0% (4.8%). Integrating neuroimaging modalities and stratifying individuals based on age,
sex, treatment, or remission status does not enhance model performance. Findings were
replicated within study sites and also observed in structural magnetic resonance imaging
within MNC. Under simulated conditions of perfect reliability, performance did not
significantly improve. Analyzing model errors suggests that symptom severity could be a
potential focus for identifying MDD subgroups.

CONCLUSION AND RELEVANCE Despite the improved predictive capability of multivariate
compared with univariate neuroimaging markers, no informative individual-level MDD
biomarker—even under extensive ML optimization in a large sample of diagnosed
patients—could be identified.
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O vercoming Cartesian mind-body dualism was the piv-
otal achievement of biological psychiatry in the 20th
century, enabling the treatment of mental disorders

as disorders of the brain.1 Since the effectiveness of physical
interventions, such as neuropsychopharmacological treat-
ments, as well as the substantial heritability of many psychi-
atric disorders in principle support this dogma, hopes are high
for biomarkers to inform diagnosis and treatment. However,
identifying specific, reliable neurobiological deviations infor-
mative on the level of the individual patient has proven elu-
sive even after decades of intense research, with the clinical
reality of patients remaining largely unchanged.2,3 For major
depressive disorder (MDD), mounting evidence suggests that
group-level, univariate neuroimaging or genetic markers only
marginally differ between healthy controls and patients with
MDD.4,5

Fueled by the availability of large-scale data sets and sub-
stantial improvements regarding machine learning (ML) soft-
ware and hardware, precision psychiatry has gained increas-
ing traction over the last decade. Precision psychiatry aims to
build models that allow for individual predictions, thereby
moving from the investigation of univariate statistical group
differences toward multivariate neurobiological patterns of in-
dividual patients.6,7

While a consensus on best-practice guidelines for preci-
sion psychiatry and ML has been emerging,6,8 4 broad issues
in MDD biomarker research remain, which may lead to sub-
stantial overestimation as well as underestimation of the true
predictive performance. First, methodological shortcomings
in predictive model validation (eg, data leakage between train-
ing and test set, lack of validation) lead to an overestimation
of predictive performance in many publications.9,10 In the same
vein, small sample sizes for model evaluation, such as those
most common in the literature today, often result in
unreliable and eventually inflated estimates of predictive
performance.11 Second, many published studies rely on a single
ML algorithm, often without optimizing model performance
through hyperparameter tuning, thereby running the risk of
greatly underestimating true predictive performance. Third,
current studies almost exclusively focus on a single data mo-
dality, and studies integrating multiple modalities to in-
crease predictive performance are rare.6 Fourth, clinical as-
sessment of MDD diagnosis across studies is inconsistent and,
especially for larger studies, often relies on self-report ques-
tionnaires rather than clinical interviews by a trained clini-
cian, thus rendering diagnostic labels more heterogeneous and
less reliable.12 Similarly, a lack of harmonization of study pro-
tocols, resulting in clinical heterogeneity of patient samples
and recruitment modalities, quality control, and neuroimag-
ing data acquisition, in multisite analyses has previously been
used to explain small effect sizes and inconsistent results.13

In summary, the current body of literature does not pro-
vide enough evidence to definitively assess the effectiveness
of ML approaches in identifying a multivariate biomarker for
MDD. Therefore, this study aims to systematically evaluate the
classification accuracy achievable by neuroimaging-based bio-
markers attainable in the present state of the field. We explic-
itly address previous shortcomings to evaluate ML-based mul-

tivariate biomarkers for MDD systematically; we performed
nested cross-validation to separate the model optimization step
from the estimation of generalizability and ensured adequate
test sets by using one of the largest single-study MDD cohorts
for which multimodal data and in-depth diagnostic assess-
ment are available.14,15 Next, we did not rely on a single pre-
dictive algorithm but capitalized on the advances in ML
software16 to combine multiple classifiers from complemen-
tary algorithmic categories, including feature selection, di-
mensionality reduction, and extensive tuning of model hy-
perparameters, resulting in a total of 4 million ML models
trained and evaluated in this study. Expanding previous work,
we drew on a comprehensive set of neuroimaging modali-
ties, including structural magnetic resonance imaging (MRI),
task-based and resting-state functional MRI (fMRI), and dif-
fusion tensor imaging as well as an MDD polygenic risk score
(PRS) and several environmental risk factors. This allowed us
to compare predictive performance across modalities in the
same sample directly and enabled us to quantify the poten-
tial benefit of multimodal data integration. In addition, the
clinical assessment of patients in our data was based on Struc-
tured Clinical Interview for DSM-IV (SCID), which provided
standardized DSM-based MDD diagnosis and reduced the di-
agnostic uncertainty often hampering model performance in
large-scale, multisite data today.12,17 Likewise, methodologi-
cal heterogeneity, eg, due to differing exclusion criteria, re-
cruitment modalities, clinical phenotyping, or MRI scanning
protocols, could be alleviated in this well-curated, harmo-
nized sample.15 All analyses were replicated within the 2 study
sites. Additionally, an independent sample was used to repli-
cate ML analyses for structural T1-weighted MRI modalities.

Finally, the low reliability of neuroimaging data and psy-
chiatric diagnosis is being discussed as one of the major driv-
ers for small effect sizes currently reported in the literature.18-21

To address this hypothesis, we systematically simulated clas-
sification performance in scenarios of optimal reliability and
quantified expected improvements. Considering the substan-
tial heterogeneity of patients with MDD, we finally con-
ducted in-depth analyses of model errors to uncover charac-
teristics of patients that contribute to misclassification, thereby
shedding light on subgroups for which neuroimaging-based
predictive models are successful or might fail.22

Key Points
Question Can multivariate machine learning approaches identify
the neural signature of major depressive disorder in individual
patients?

Findings In this case-control neuroimaging study that included
1801 patients with depression and healthy controls, the best
machine learning algorithm only achieved a diagnostic
classification accuracy of 62% across major neuroimaging
modalities.

Meaning Although multivariate neuroimaging markers increase
predictive power compared with univariate analyses, no
depression biomarker could be uncovered that is able to identify
individual patients.
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Methods

Study Design and Participants
The data used in the main analyses are part of the Marburg-
Münster Affective Disorders Cohort Study (MACS).14,15 Data
were collected at 2 sites (Marburg and Münster, Germany)
using identical study protocols and harmonized scanner
settings.15 A sample of 2036 healthy participants and
patients with MDD were recruited as part of the MACS
cohort from September 11, 2014, to September 26, 2018
(eMethods 1-3 in Supplement 1). MDD diagnosis was
assessed using the SCID, axis 1 disorders. Individuals with
any history of neurological or medical conditions were
excluded, resulting in a final sample of 1801 (eMethods 1 in
Supplement 1). For every neuroimaging data modality, all
participants for whom data of the specific modality were
available and passed quality checks were used in subse-
quent analyses (eMethods 1 and 4 to 12 in Supplement 1).
Similar inclusion and exclusion criteria were used in the
MNC replication sample (eMethods 16 in Supplement 1).
This study follows the Transparent Reporting of a Multivari-
able Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD) reporting guideline. The FOR2107 cohort project was
approved by the Ethics Committees of the Medical Faculties,
University of Marburg and University of Münster. Participants
received financial compensation and gave written informed
consent.

Procedures and Neuroimaging Data Modalities
The neuroimaging, genetic, and behavioral data used in this
study have been described previously.5 Detailed informa-
tion is available in eMethods 4-12 in Supplement 1. In short,
voxel-based morphometry (VBM; CAT12 toolbox version
r1450) and region-based surface, thickness, and volume
(FreeSurfer version 5.3) were extracted from T1-weighted
structural MRI.23,24 Structural connectomes were derived
from diffusion tensor imaging as fractional anisotropy and
mean diffusivity. Functional connectomes, voxel-based
local correlation, the amplitude of low-frequency fluctua-
tions (ALFF), and the fractional ALFF were derived from
resting-state fMRI. For both structural and functional con-
nectomes, commonly used graph network parameters, such
as betweenness centrality, degree centrality, or global effi-
ciency, were calculated.25 Task-based fMRI was based on an
established emotional face-matching paradigm.26 In addi-
tion, we compared results with a PRS for depression as well
as questionnaire data on adverse experiences during child-
hood (Childhood Trauma Questionnaire) and current social
support (F-SozU), since these variables are established risk
or protective factors in the etiology of MDD.27-29 A medica-
tion load index was calculated, expressing the current psy-
chiatric medication. Current depressive symptoms were
assessed using the Beck Depression Inventory (BDI) and
Hamilton Depression Rating Scale (HAMD). Structural
T1-weighted MRI data (FreeSurfer and VBM) were used in
the MNC replication analysis.

Main Outcomes
Accuracy of predicted diagnostic labels in all ML models was
calculated using balanced classification accuracy (BACC). In
addition, we calculated Matthew’s correlation coefficient
(MCC). For all metrics, means and SDs across the 10 outer cross-
validation splits were reported to assess the generalizability
of the predictive models.

ML Analyses
A total of 4 million ML models to classify healthy participants and
patients with MDD were trained, optimized, and evaluated
(eMethods 14 and eTable 40 in Supplement 1). A single ML pipe-
line included imputation of missing data, feature normalization,
and—optionally—feature selection or principal component analy-
sis(PCA)toreducedimensionalityofthebraindata(Figure1).Sub-
sequently, a classification algorithm was trained to predict diag-
nosis, including support vector machines, random forests, logis-
tic regression, k-nearest neighbor, Gaussian-naive Bayes, and
boosting classifiers. A nested cross-validation scheme with 10 in-
ner validation and 10 outer test splits was used to optimize hy-
perparameters and assess final generalizability.

These primary ML analyses were complemented by analy-
ses for subgroups of patients with acute depression (omitting
remitted depression) or recurrent depression (omitting single-
episode depression), patients with or without comorbidities,
patients currently receiving and not currently receiving medi-
cation, male and female patients, as well as a homogeneous
age group (age range, 24 to 28 years) and replicated within the
2 study sites (eMethods 3 in Supplement 1). Brain modality in-
tegration was accomplished either using a combination of PCA
components from every data modality or a voting ensemble
strategy combining all diagnosis predictions from the uni-
modal models. All ML analyses were performed using
PHOTONAI.16,30 Scripts are available online.31

Simulation of Perfect Reliability
To quantify the effect of reliability on classification perfor-
mance, we performed exploratory analyses using attenua-
tion correction from classical test theory to estimate the true
classification accuracy occurring if the reliability of the data
was perfect.32 We first computed MCC from the model predic-
tions (ŷ) and the actual diagnostic labels (y) using the equa-
tion MCC = Covariance(y,ŷ)/(σy × σŷ).33 This correlation was
then corrected for an assumed reliability (ρ) using the attenu-
ation formula MCC Correlation = MCC/�ρ.34

We conducted 2 separate attenuation correction analy-
ses. First, we assumed the reliability of an MDD diagnosis
(ρy = 0.28) based on the current literature on the interrater re-
liability of DSM-5 diagnoses.20,21 Second, we assumed reli-
abilities for neuroimaging data ranging from 0.1 to 1. The re-
sulting corrected correlations were then converted back to
BACC using prevalence (�) and bias (β) with equations 15 and
21 from Chicco et al33 (eMethods 13 in Supplement 1) using the
following equation:

BACC = 1

√2 × φ – φ2

β – β2

× MCC + 0.5
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Analysis of Systematic Model Error
In each individual, we quantified the tendency for misclassifi-
cation based on 100 bootstrap resampling runs on the training
set of the best-performing neuroimaging modality (eMethods 15
inSupplement1). Inshort,1MLpipelineforeverybootstraptrain-
ing set was trained and diagnostic labels for the participants in
the test set were collected, resulting in 100 predictions for ev-
ery participant. The sum of incorrect classifications then leads
to the frequency of misclassification (MF).22 Finally, MF was cor-
related with external measures describing depressive symp-
tom severity and demographic or environmental characteris-
tics using Spearman rank correlation.

Statistical Analysis
P values for group comparisons were based on t or χ2 tests, as
appropriate. Significance was set at P < .05, and all P values
were 2-tailed. Statistical tests were conducted using the Py-
thon-based statistical software statsmodels version 0.14.

Results

Of 1801 included participants, 1162 (64.5%) were female, and
the mean (SD) age was 36.1 (13.1) years (Table). There were a
total of 856 patients with MDD (47.5%) and 945 healthy con-
trols (52.5%). The MNC sample included 1198 individuals (362
patients with MDD [30.1%] and 836 healthy controls [69.9%];
mean [SD] age, 35.3 [12.6] years; 682 female participants
[56.9%]; eTable 38 in Supplement 1).

Multivariate Classification Accuracy
Across neuroimaging modalities and ML algorithms, mean (SD)
BACC ranged between 48.1% (3.6%) and 62.0% (4.8%)
(eTables 1, 2, and 40 and eFigure 8 in Supplement 1). Results
for the single best ML algorithm in each modality are shown
in Figure 2. The highest BACC was found for resting-state con-
nectivity, with a mean (SD) BACC ranging between 51.5% (7.1%)

Figure 1. Overview of All Analyses
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Beck Depression Inventory; fMRI, functional magnetic resonance imaging;
MDD, major depressive disorder; MRI, magnetic resonance imaging.
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and 61.5% (3.4%). Structural MRI as well as task-based fMRI
showed lower BACC compared with all resting-state fMRI
modalities.

ML pipelines on subgroups of only patients with acute de-
pression (n = 599), only patients with remitted depression
(n = 297), only patients with comorbidities (n = 373) or with-
out comorbidities (n = 482), or either patients that were cur-
rently receiving medication (n = 535) or not currently receiv-
ing medication (n = 321) showed similar results compared
with the analysis containing all patients with MDD (max
BACC = 64.8%). Likewise, restricting analyses to male or fe-
male individuals or a more homogeneous age range of 24 to
28 years did not change the overall results (max BACC = 61.6%;
eFigures 1 to 5 and eTables 5 to 31 in Supplement 1). Addi-
tional sample size simulation analyses did not reveal any dis-
cernible association between the training sample size and
model performance (eMethods 17 and eFigure 9 in Supple-
ment 1). Nonlinear dimensionality reduction methods did not
outperform linear methods (eMethods 18 and eFigure 10 in
Supplement 1).

Multimodal Data Integration
Integration of neuroimaging modalities using principal com-
ponents from modality-specific PCAs achieved mean (SD)
BACCs between 50.1% (4.0%) and 57.2% (4.4%) (Figure 2;
eTable 3 in Supplement 1). Combining predicted labels from
the unimodal models (across algorithms, across modalities, or
both) into a majority-vote ensemble classifier achieved a mean
(SD) BACC of 61.1% (4.4%). Both multimodal data integration
methods did not improve the 61.5% accuracy reached in the

best unimodal model. Combining predictions from all ALFF
models achieved the highest mean (SD) BACC of 62.0% (4.8%).

Replicability Analyses
The main findings were replicated in the Marburg and Mün-
ster samples independently. The highest mean (SD) BACC was
59.2% (5.1%) in the Marburg sample and 60.0% (9.0%) in the
Münster sample (eTables 32 to 37 and eFigures 6 and 7 in
Supplement 1). In the independent MNC sample, the highest
mean (SD) BACC for regional cortical and subcortical surface,
thickness, and volume was 54.0% (5.1%), while the mean (SD)
BACC for VBM analysis reached 53.4% (4.4%) (eTable 39 in in
Supplement 1).

Comparison With Genetic and Environmental Variables
We next compared the neuroimaging-based ML models to the
predictive performance of univariate approaches using ge-
netic and environmental variables. While the depression PRS
used by Howard et al27 achieved similar results to neuroim-
aging (mean [SD] BACC, 58.4% [5.0%]), both self-reported
childhood maltreatment and social support outperformed
brain-based and PRS-based models, achieving mean (SD)
BACCs of 70.5% (2.9%) and 70.6% (3.0%), respectively.

Effects of Reliability of Diagnosis and Neuroimaging Data
The MCC correlation coefficient between actual and pre-
dicted diagnosis was corrected using the attenuation correc-
tion formula, estimating classification performance given per-
fect reliability. We first corrected for the lower bound of the
MDD diagnosis reliability (ρy = 0.28) as reported in the litera-

Table. Sociodemographic and Clinical Characteristics of All Participants

Characteristic

No. (%)

P valueaHealthy controls Patients with MDD
Sex

Female 607 (64.2) 555 (64.8)
.83

Male 338 (35.8) 301 (35.2)

Age, mean (SD), y 34.40 (13.01) 36.76 (13.27) <.001

HAMD, mean (SD) 1.45 (2.18) 9.38 (7.17) <.001

BDI, mean (SD) 4.11 (4.27) 17.58 (11.02) <.001

CTQ, mean (SD) 32.59 (8.57) 45.06 (15.92) <.001

Social support, mean (SD) 4.51 (0.54) 3.77 (0.87) <.001

Medication load index, mean (SD) NA 1.35 (1.48) NA

Previous inpatient treatments, mean (SD) NA 1.58 (2.08) NA

Previous depressive episodes, mean (SD) NA 3.99 (6.75) NA

Total duration of previous inpatient
treatments, mean (SD), wk

NA 11.95 (18.89) NA

Total duration of all previous depressive
episodes, mean (SD), mo

NA 45.36 (69.18) NA

Comorbid diagnosesb

Any comorbid diagnosis NA 373 (43.6) NA

Anxiety disorder NA 269 (31.4) NA

Eating disorder NA 50 (5.8) NA

Dysthymic disorder NA 43 (5.0) NA

Substance use disorder NA 37 (0.8) NA

Somatic symptom disorder NA 27 (3.2) NA

Psychotic disorder NA 7 (0.8) NA

Abbreviations: BDI, Beck Depression
Inventory; CTQ, Childhood Trauma
Questionnaire; HAMD, Hamilton
Rating Scale for Depression; MDD,
major depressive disorder; MRI,
magnetic resonance imaging; NA, not
applicable; VBM, voxel-based
morphometry.
a Calculated using t or χ2 tests, as

appropriate.
b Lifetime comorbidities were derived

from the Structured Clinical
Interview for DSM-IV. Multiple
comorbidities were possible for any
patient with MDD.
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ture (Figure 3A). The mean (SD) BACC for the best ML algo-
rithm on resting-state connectivity increased to 71.8% (6.4%)
after correction. The mean (SD) BACC for the voting en-
semble increased to 73.4% (7.4%). Next, we assumed reliabil-
ity coefficients of neuroimaging modalities between 0.1 and 1
(Figure 3B). For the best unimodal analysis (resting-state con-
nectivity), BACC increased to 66.3% for an assumed reliabil-
ity of 0.5. These reliability correction analyses suggest that im-
proving reliability might only have a minor positive effect on
classification accuracy.

Analysis of Systematic Model Errors
The frequency with which each individual was incorrectly clas-
sified as either healthy or having depression was measured
using the MF based on the modality that achieved the highest
performance in the unimodal analyses (resting-state fMRI con-
nectivity). MF was significantly correlated with symptom se-
verity in patients with depression (eTable 4 in Supplement 1).
A higher score in current depressive symptom levels (BDI and
HAMD scores) as well as a higher number of previous hospi-
talizations were associated with fewer misclassifications (BDI:
621 patients; r = −0.15; P < .001; HAMD: 628 patients; r = −0.20;
P < .001; number of hospitalizations: 622 patients; r = −0.10;
P = .01), showing that patients with more severe current de-

pressive symptoms and a more unfavorable previous disease
course were correctly classified as patients with MDD more of-
ten. Similar effects were found for lower global assessment of
functioning, higher medication load, and the presence of co-
morbidities (eTable 4 in Supplement 1).

Discussion
Extending recent evidence showing that univariate group-
level differences between patients with MDD and healthy con-
trols are small,5 we systematically evaluated ML approaches
classifying patients with MDD and healthy controls based on
multivariate neuroimaging signatures. In summary, training
and testing a total of 4 million ML models on a large, harmo-
nized sample, the accuracy for predicting MDD diagnosis did
not exceed 62%. Although slightly improving the 56% to 58%
classification accuracy achieved using univariate neuroimag-
ing and genetic markers,5 this systematic evaluation of mul-
tivariate methods revealed a disconcerting discrepancy to ex-
isting proof-of-concept studies, yielding considerably lower
predictive accuracy than previously expected.9

Considering that biological psychiatry is built on the prem-
ise that mental disorders have a neural basis, it is essential for
the field to explain the lack of neurobiological manifesta-
tions of MDD informative on the level of the individual across
the most commonly investigated modalities today. We will
discuss several viewpoints concerning the reliability and
validity of both the neuroimaging data and the MDD
conceptualization.

Addressing the debate around reliability,22,35 we show that
even under conditions of perfect reliability of diagnosis or
neuroimaging data, reliable predictions on the level of the in-
dividual patient still remain elusive. Note that this approach
can only simulate perfect reliability with regard to final model
predictions and thus does not speak directly to the effect dif-
ferent data or preprocessing pipelines might have on model
training.35 Although improved reliability of neuroimaging data
could potentially lead to more stable ML models, this seems
unlikely given the complete lack of correlation between known
reliability estimates of MRI data and our classification
results.

Apart from concerns about reliability, we may also ques-
tion the validity of neuroimaging data in terms of its ability to
capture the neurobiological information necessary for explain-
ing the MDD phenotype. If we assume current methods fall
short in this regard, several research directions could en-
hance our understanding of the disorder. These include higher
spatial or temporal resolution, more advanced experimental
paradigms, or data preprocessing techniques as well as longi-
tudinal research designs that can model changes in an indi-
vidual’s neurobiology associated with current symptoms and
episodes.36,37

On the other hand, if we assume that the information rel-
evant for explaining behavior and mental processes is pre-
sent in current neuroimaging modalities, issues of biological
validity of the MDD construct appear most plausible. Rather
than solely focusing on the diagnosis of MDD, looking at lon-

Figure 2. Balanced Accuracy for the Best Machine Learning Pipelines
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gitudinal data and clinically relevant outcomes across diag-
noses may result in more accurate predictions, such as
linking neuroimaging markers with long-term disease
trajectories.38,39 Indeed, our results regarding correlations of
MF provide support for associations between symptom sever-
ity and neurobiological markers, suggesting that patients with
higher levels of current symptoms and more unfavorable
disease courses in the past are easier to detect and correctly
classify.

In the same vein, case-control designs might be too sim-
plistic to adequately model the complex relationship be-
tween brain and behavior.1 Normative modeling captures de-
viations of the individual patient, thereby overcoming the
necessity for a common biological cause across all patients with
MDD.40 Similarly, identifying MDD biotypes through cluster-
ing across DSM diagnoses might constitute a promising way
forward.41,42 However, more research is needed to investi-
gate whether these approaches are actually able to increase
clinically informative predictions for individual patients.

Strengths and Limitations
Our study provides 4 main improvements over existing ML
studies. First, there is a reduced risk of inflated predictive
performance estimates by using nested cross-validation
with sufficiently large test sets. Second, we systematically
optimized many possible ML pipelines and algorithms.
Third, we integrated data from 11 neuroimaging modalities
and preprocessing methods. Fourth, we used a large sample
collected in a single study without the need for data pooling
across multiple studies and acquisition processes, effec-
tively minimizing methodological heterogeneity resulting
from multiple scanning sites, neuroimaging preprocessing
pipelines, and population differences. In addition, we were
able to reduce diagnostic uncertainty by relying on SCID
interviews. Thus, we provide evidence that low predictive
performance cannot be explained by a lack of harmoniza-
tion of studies or unstandardized diagnoses, as previously
suggested.17 The replication conducted within the 2 study
sites along with the independent replication results for

Figure 3. Balanced Accuracy After Attenuation Correction
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T1-weighted structural MRI in the MNC sample adds signifi-
cant robustness to our findings and further supports our
conclusions.

This study has limitations. Our additional analyses on
sample size did not demonstrate any discernible association
between sample size and model performance. This suggests
that increasing the sample size may not necessarily lead to a
significant improvement in performance. Alternatively, it is
possible that the overall sample size is still insufficient to re-
liably detect a consistent increase in model performance. In
the latter scenario, this might imply that larger sample sizes
are necessary to establish conclusive evidence regarding the
potential of neuroimaging data as a biomarker for MDD. In the
same vein, our subgroup analyses, particularly those focus-
ing on patients with or without comorbidities or treatment, re-
sulted in a substantial reduction in sample size, which could
potentially impede the robust identification of an ML-based

biomarker. In future studies, recruiting larger cohorts, espe-
cially for these more homogeneous samples, could be advan-
tageous. In addition, it’s important to note that our study pri-
marily focused on classical ML algorithms rather than deep
learning methods, which represent another avenue for poten-
tial exploration in future research.

Conclusions
In this study, no informative individual-level MDD biomarker—
even under extensive ML optimization in a large sample of di-
agnosed patients—could be identified. It is imperative for re-
searchers, journals, and funding agencies to reflect on the next
steps in advancing biological psychiatry. These steps should
prioritize delivering more accurate individualized predic-
tions to enhance the treatment and care of patients with MDD.
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