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ABSTRACT

BACKGROUND: Efforts to elucidate subtypes within depression have yet to establish a consensus. In this study, we
aimed to rigorously compare different subtyping approaches in the same participant space to quantitatively test
agreement across subtyping approaches and determine whether the different approaches are sensitive to different
sources of heterogeneity in depression.

METHODS: We implemented 6 different data-driven subtyping methods developed in previous work using the same
UK Biobank participants (n = 2276 participants with depression, n = 1595 healthy control participants). The 6
approaches include 2 symptom-based, 2 structural neuroimaging-based, and 2 functional neuroimaging-based
techniques. The resulting subtypes were compared based on participant assignment, stability, and sensitivity to
subtype differences in demographics, general health, clinical characteristics, neuroimaging, trauma, cognition,
genetics, and inflammation markers.

RESULTS: We found almost no agreement between the resulting subtypes of the 6 approaches (mean adjusted Rand
index [ARI] = 0.006), even within data domains. This finding was largely driven by differences in input feature set
(mean ARI = 0.005) rather than clustering algorithm (mean ARI = 0.23). However, each approach had relatively high
internal stability across bootstraps (ARI = 0.36-0.89); most approaches performed above null; and most approaches
were sensitive to relevant phenotypes within their data domain.

CONCLUSIONS: Despite marginal overlap between approaches, we found the subtyping approaches to be internally
consistent. These results explain why previous studies found strong evidence for subtypes within their analysis but
with very little convergence between studies. We recommend that in future work, investigators incorporate systematic
comparisons between their approach and alternative/previous approaches to facilitate consensus on depression
subtypes.

https://doi.org/10.1016/j.bpsgos.2025.100473

According to the World Health Organization, depression is the
leading contributor to disability globally, with an estimated
4.4% people in the world experiencing depression (1). Despite
this high prevalence and negative impact, the basis for
depression in the brain is still unclear. A major barrier to un-
derstanding the neural basis of depression is the heterogeneity
within the depressed population (2).

Although the presence of subtypes in depression has often
been investigated (3-12), no consensus has been achieved in
the literature regarding depression subtypes. For example,
some attempts to replicate subtyping approaches have been
unsuccessful (10), and different subtyping approaches have
largely failed to converge on comparable depression subtypes
(3). The reasons for this lack of agreement are still unclear,
partly due to a lack of rigorous comparisons across subtyping
findings/approaches. The differences in depression subtypes
across studies could be due to differences in inclusion/exclu-
sion criteria across studies. Alternatively, different subtyping

approaches may capture different domains of heterogeneity.
For example, studies that adopt data-driven subtyping analysis
driven by symptom features may be capturing symptom het-
erogeneity but not neuroimaging heterogeneity, whereas
studies that adopt subtypes based on neuroimaging features
may not be sensitive to symptom heterogeneity (13).

In this study, we aimed to compare 6 previously published
data-driven approaches for identifying depression subtypes
(4-9) (based on both symptom and neuroimaging features) by
applying these previously used approaches in the same large-
scale cohort. After applying each of the 6 subtyping ap-
proaches in the same cohort, we compared the resulting
subtypes on the commonality of their groupings (i.e., tested
how consistently a participant was assigned to the same
subtype) and the stability of resulting subtypes. We leveraged
the UK Biobank (UKB) cohort, which has released both
symptom and neuroimaging data from >40,000 participants
(14,15). Furthermore, we compared the 6 sets of subtypes in

© 2025 THE AUTHORS. Published by Elsevier Inc on behalf of the Society of Biological Psychiatry. This is an open access article under the 1
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

ISSN: 2667-1743

Biological Psychiatry: Global Open Science May 2025; 5:100473 www.sobp.org/GOS


Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
https://doi.org/10.1016/j.bpsgos.2025.100473
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.sobp.org/GOS

Biological
Psychiatry:
GOS

terms of group differences for depression-relevant variables
that were not used to inform the subtypes (such as de-
mographics, genetics, cognition). Therefore, the results are
expected to provide insights into the relative sensitivity of
different subtyping approaches to depression-related factors
that are indicative of risk (e.g., trauma) and/or etiological
mechanisms (e.g., inflammation).

We note that this study is not intended to be a true repli-
cation of each of the original 6 studies; instead, the primary
goal is the comparison across resulting subtypes. Although we
followed the feature selection and algorithmic choices of the
original subtyping approaches when applicable, we diverged
when we needed to maximize our ability to compare across
resulting subtypes as described in the Methods and Materials.
Specifically, our translations of the original studies differed in
terms of the demographic characteristics of the sample
(because the UKB is a middle- to older-aged cohort), the in-
clusion/exclusion criteria of the depression sample (which was
kept identical across the 6 studies to enable comparisons), the
symptom measures (which were mapped onto available UKB
variables as closely as possible), the neuroimaging pre-
processing (the UKB-released preprocessed data were used
for all studies to avoid potential preprocessing differences
influencing our comparisons), and covariates included in the
analyses (which were kept consistent across approaches).

This study elucidated important drivers of inconsistency
between data-driven approaches used to identify depression
subtypes. Although the subtypes derived from each approach
had marginal overlap above chance, each approach was
internally stable and sensitive to relevant phenotypes. Our
findings established that the major driver of subtypes was the
input feature set. Here, even relatively subtle differences be-
tween feature sets derived from the same domain (i.e., clinical,
structural, functional neuroimaging) resulted in substantial
differences between subtypes. Differences in the clustering
approach had a more minor impact on inconsistency. Taken
together, these findings suggest that future work would benefit
from including comparisons between multiple feature types
and/or clustering approaches to help identify consistent
subtypes.

METHODS AND MATERIALS

This work was performed as a registered report. The stage 1
planned analyses and associated hypotheses are provided in
Table S1 and were preregistered on the Open Science
Framework (https://osf.io/w54da/). Any deviation from the
stage 1 planned analyses are explicitly stated in the de-
scriptions below, and explanations for changes are provided in
Table S7.

Group Definition

The UKB is an epidemiological cohort from which imaging and
clinical measures have been collected for more than 40,000
participants (15). Previous work developed criteria for a case-
control definition of individuals likely experiencing depression
based on measures available in the UKB (16), which we used
to identify individuals with depression in this work (Table S2).
We excluded individuals who had schizophrenia, bipolar dis-
order, psychotic symptoms, obsessive-compulsive disorder,
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posttraumatic stress disorder, Huntington’s disease, Alz-
heimer’s disease, epilepsy, or stroke (Table S3) and anyone
who had missing data for the clinical and imaging features
used in the main analysis (Table S4). The resulting group of
participants with depression had a sample size of 2276, and
the healthy control group had a sample size of 1595. Notably,
the sample size of individuals with depression was larger than
all 6 previous studies, suggesting that our work was well
powered.

Subtyping Approaches

Figure 1 provides an overview of the 6 different subtyping
approaches developed in previous work that were imple-
mented in the same cohort (4-9). These 6 data-driven sub-
typing approaches were chosen to cover input features across
3 different input feature domains, namely clinical, structural
magnetic resonance imaging (sMRI), and resting-state func-
tional MRI (rfMRI) (see Supplemental Methods Section 5). The
clustering algorithms utilized are latent class analysis (LCA),
high-dimensional data clustering (HDDC), k-means, subgroup-
group iterative multiple model estimation (s-GIMME), and
Ward’s hierarchical clustering.

Statistical Analyses

Once we applied each of the 6 subtyping approaches in the
same UKB cohort, our primary goal in this article was to sys-
tematically compare the resulting subtypes. In the description
below, we use the term subtyping approach or approach to
refer to each of the 6 studies that were adopted (see Figure 1).
We use the term domain to refer to the 3 classes of features
used to inform the subtyping approaches (e.g., clinical fea-
tures, sMRI features, fMRI features). We use the term subject
groupings to refer to the subtype label assignments across
individual participants and subtypes to refer to the set of
subject groupings derived from a specific subtyping approach.

Participant Assignment. To determine whether different
subtyping approaches resulted in the same subject groupings
(i.e., assigned the same sets of participants to the same sub-
types), we calculated the adjusted Rand index (ARI) to compare
each pair of subtyping approaches. Permutation testing was
performed over 2000 permutations where subtype labels were
permuted between participants within each approach, and the 15
ARIs between each possible pair of subtype approaches were
calculated per permutation. Uncorrected p values were calculated
for each of the 15 original ARIs compared with their matched
permuted null distribution, and Bonferroni correction was used to
correct for multiple comparisons (i.e., Puncorrected X 15, which is
mathematically equivalent to dividing the alpha threshold of .05
by 15).

Fixing Number of Subtypes Across Approaches. In
the stage 1 registered report, we had planned to “perform
subgroup comparisons for both the optimized number of
subtypes and the matched number of subtypes to the original
published papers.” This plan was extended to repeat all sub-
typing approaches to derive a fixed number of subtypes (where
possible; e.g., s-GIMME does not support researcher-
specified dimensionality definition). A fixed number of
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Figure 1. Overview of 6 subtyping approaches. The blue shaded elements describe processing/intermediate steps, the orange shaded element describes
the key subtyping step, and the gray shaded element describes the steps to determine the optimal number of subtypes. See Supplemental Methods Section 5
for a detailed description of the subtyping approaches. AIC, Akaike information criterion; ARI, adjusted Rand index; BIC, Bayesian information criterion; CH,
Calinski-Harabasz; HDDC, high-dimensional data clustering; HYDRA, heterogeneity through discriminative analysis; ICA, independent component analysis;
LCA, latent class analysis; rCCA, regularized canonical correlation analysis; rfMRI, resting-state functional magnetic resonance imaging; ROI, region of interest;
sGIMME, subgroup-group iterative mutliple model estimation; sMRI, structural MRI; UKB, UK Biobank; VRC, variance ratio criterion.

subtypes (k = 2,3,5,6) was chosen, encompassing every k
solution found in the main results across the 6 approaches.
The subject agreement ARI comparison was repeated for each
k to determine whether relative performance changed. The
reason for this change from the stage 1 submission was that it
is possible that some of the comparative analyses may sys-
tematically vary as a function of the number of subgroups (for
example, as a result of differences in power). Therefore, sys-
tematically varying k for all approaches allowed for like-for-like
comparisons.

Subtype Assignment After Swapping Inputs Between
Approaches (Added After Stage 1). If participant as-
signments differ between approaches, this may be either due
to differences in the input features or due to differences in the
subtyping approach. To assess which of these sources of
potential differences was driving results, we repeated each of
the subtyping approaches on input features from each of the
other approaches. Notably, fMRI+s-GIMME was excluded from
this comparison because none of the other subtyping ap-
proaches can take time-series data as input. Furthermore, LCA
was not performed on sMRI or fMRI inputs because it requires a
limited set of natural numbers as inputs.

Subtype Stability Across Bootstraps. To determine the
stability of the resulting subtypes within each subtyping
approach, we repeated the identical subtyping approach
across 100 bootstraps. Only the clustering algorithm was
repeated (i.e., the steps in orange shading in Figure 1), and the
subtype number was set to match the original results. We did

not repeat all processing/intermediate steps performed before
clustering or the optimization of the number of subtypes (i.e.,
steps in blue and gray shading in Figure 1) to keep the com-
parisons fair between approaches and to keep computational
resources feasible. For each bootstrap, 80% of the partici-
pants were drawn from the original sample (matched 80%
across approaches), and the ARI between the bootstrapped
subtypes and the full sample subtypes (excluding participants
missing from the random 80% bootstrap) was calculated.
Confidence intervals from the bootstrap distributions were
used to compare stability across subtyping approaches.

Null Model. To determine the effect of random noise on
clustering solutions, we synthesized a null dataset by sampling
each feature from a Gaussian distribution. We created 4 sets of
synthesized null data with numbers of features representative
of the empirical data (i.e., 2 features similar in size to canonical
correlation analysis features from rfMRI+Ward, 12 features
similar in size to the clinically informed subtyping approaches
and sMRI+kmeans, 17 features similar in size to
clinical+HDDC, and 80 features similar in size to
sMRI+HYDRA), all with 2276 cases and 1595 controls. The
synthesized data were intended as a null comparison, and
therefore no systematic differences between cases and con-
trols or among groups of cases were simulated. Each sub-
typing method was performed on all 4 synthesized feature sets
and compared using a Student’s t test to the synthesized
feature set matched in size. Bonferroni correction was applied
to p values resulting from the Student’s t test to control for 5
comparisons. Bootstrapping was performed to assess the
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stability of subtype estimation in null data (as above, drawing
80% of null participants for each of the 100 bootstraps). We
repeated the clustering algorithm (the step in orange in
Figure 1) for each bootstrap. After each bootstrap, we recor-
ded the silhouette score and ARI to develop a null distribution
of clustering solutions (separately for each feature set), which
were compared against the true silhouette score and ARI from
empirical data. This null modeling approach allowed us to
differentiate the impact of analytical choices from the impact of
differences in source data. Null model testing was not per-
formed for rfMRI+s-GIMME because s-GIMME requires time-
series data, and none of the other subtyping approaches are
suited for such data. Importantly, the purpose of the null is to
compare the subtyping approaches, and therefore we did not
create a separate null dataset to input into s-GIMME.

Subtype Stability Across Random Seed Initializations
(Added After Stage 1). Several of the subtyping ap-
proaches are nondeterministic and may therefore vary as a
function of the random seed initialization, namely k-means
and HDDC. To determine the stability of the resulting sub-
types as a function of initialization, we repeated the identical
clustering algorithm and determination of optimal cluster
number across 100 iterations using the total participant
sample in each iteration but varying the seed initialization
(0:99). Both the clustering algorithm and optimization of the
number of subtypes (i.e., steps in orange and gray shading in
Figure 1) were repeated. The optimal cluster number and
silhouette score were recorded for each iteration to assess
stability.

Sensitivity to Subgroup Differences in Unseen Vari-
ables. A common challenge in data-driven subtyping ana-
lyses is that algorithms will optimize their cost function to
output subtypes, but these resulting subject groupings may or
may not be sensitive to meaningful clinical or biological dis-
tinctions. Therefore, it is common for data-driven subtyping
efforts to compare the resulting subtypes on unseen variables
(i.e., measures that are thought to capture meaningful sources
of variability between individuals with depression but that were
not used by the method to derive the subtypes). Subtypes
were not compared on seen variables (i.e., the features that
informed the subtypes), but it is important to note that some of
the variables are very similar to the seen variables (such as the
same questionnaire items obtained on previous visits) and
therefore should be treated with caution.

In each of the 6 articles, a different set of validation/char-
acterization methods was used. Informed by these previous
approaches, we compared subtypes based on categories of
demographics, general health, clinical characteristics, neuro-
imaging, trauma, cognition, genetics, and inflammation (see
Supplemental Methods Section 6). An important advantage of
our approach compared with previous studies that adopted a
single subtyping approach is that we can directly compare
sensitivity to each category between subtyping approaches
and examine which subtyping approaches are more sensitive
to subgroup differences in each category. Sensitivity analyses
were performed using all available data (i.e., excluding partic-
ipants with missing variables). Only phenotypes with data for at
least 50% of the participants were included.
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Figure 2. Agreement of subject groupings between approaches. We
calculated the adjusted Rand index (ARI) between the cluster assignments
of every approach to measure how much the cluster assignments agree
above chance. An ARl of 0 indicates overlap above chance with the highest
possible ARI value equal to 1. Significant findings (based on permutation
testing) are highlighted with an asterisk (*). For a description of the subtyping
approaches, see Figure 1. HDDC, high-dimensional data clustering; HYDRA,
heterogeneity through discriminative analysis; LCA, latent class analysis;
NaN, not a number; rfMRI, resting-state functional magnetic resonance
imaging; sMRI, structural MRI.

RESULTS

Participant Assignment

The ARI revealed minimal similarity of depression subtypes
between subtyping approaches (Figure 2). Although the
maximum ARI was 0.0294, suggesting very limited subtype
similarity, permutation testing indicated that the 2 clinically
driven approaches overlapped significantly above chance (p =
.0075), and the 2 rfMRI driven approaches overlapped signifi-
cantly above chance (p = .0075), consistent with our hypoth-
esis of higher within-domain subtype overlap. Furthermore,
rfMRI+Ward and sMRI+HYDRA as well as rfMRI+Ward and
clinical+LCA overlapped significantly (p = .0450 and p = .0075,
respectively). Taken together, these results revealed that the
subtyping approaches did not achieve the same subject
groupings even when applied within the same cohort. Table S8
provides the cluster evaluation criterion for each approach,
and Table S9 shows the sample sizes of resulting subtypes.

Fixing Number of Subtypes Across Approaches

Similar findings to Participant Assignment above were
observed (Figure S3) when fixing the cluster number for all
approaches, indicating that differences in cluster number did
not drive this disagreement.

Subtype Assignment After Swapping Inputs
Between Approaches

The lack of subtype assignment similarity observed in Figure 2
could be due to differences in the input features and/or
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differences in the subtyping approaches. We repeated the
subtyping approaches on all possible feature sets where
possible. The results revealed substantially increased ARI
across subtyping approaches when they were performed on
the same feature set (ARI range, —0.0356 to 0.6834) (Figure 3
and Figure S4). However, ARIs remained close to 0 across
feature sets within the same subtyping approach (ARl
range, —0.0052 to 0.1711) (Figure 3 and Figure S4). These
results revealed that differences in subtype assignments were
primarily driven by the input features rather than by the cluster
algorithm.

Subtype Stability Across Bootstraps

When we assessed the stability within each approach, sub-
typing approaches achieved a median ARI across bootstraps
of ARI = 0.36-0.89 (Figure 4). Although the highest median
stabilities were observed for clinical+LCA (ARI = 0.89) and
sMRI+kmeans (ARI = 0.89), the confidence intervals for all
subtyping approaches overlapped such that no subtyping
approach was significantly more stable than any other
(Table S10).

Null Model

To determine the effect of random noise on clustering solu-
tions, we synthesized null data from a Gaussian distribution
and repeated the bootstrapping for stability comparisons, and
we calculated the silhouette scores for cluster differentiation
comparisons. This null modeling approach allows us to
differentiate the impact of analytical choices from the impact of
differences in source data. We found that most of the subtype
approaches were more stable than the null (p < .0001)
(Figure 5 and Table S11). However, Ward hierarchical
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10 Figure 3. Summary of agreement of subject
groupings when applying the same clustering al-
gorithm across all feature sets (A) and when
applying the same feature set across all approaches
(B). ARI, adjusted Rand index; CCA, canonical cor-

08 relation analysis; HDDC, high-dimensional data
clustering; HYDRA, heterogeneity through discrimi-
native analysis; LCA, latent class analysis; rfMRI,
resting-state functional magnetic resonance imag-
ing; sMRI, structural MRI.
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clustering did not differ significantly from the null at the
matched feature dimension (2 features; p = .3438) (Figure 5C).
Regarding the silhouette score comparisons, all silhouette
scores from true data were higher than the null silhouette
scores, although the result for HDDC overlapped with the null
distribution (Figure 5F).

Subtype Stability Across Random Seed
Initializations (Added After Stage 1)

The subtyping approaches of HDDC and k-means are
initialized with a random seed. We repeated these 2 ap-
proaches on 5 input feature sets (except for time-series in-
puts) to test the sensitivity of the determination of the optimal
k number of subtypes to the initialization. The results
(Figure S5) revealed that HDDC was relatively unstable for
clinical input features sets (optimal k ranging 3-10) and for
gray matter volumes (optimal k ranging 6-9), with greater
stability for gray matter covariance and functional connec-
tivity (optimal k = 2). K-means clustering achieved strong
stability of the optimal k across all feature sets irrespective of
initialization (Figure S5).

Sensitivity to Subgroup Differences in Unseen
Variables

Subtypes were compared based on categories of de-
mographics, general health, clinical characteristics, neuro-
imaging, trauma, cognition, genetics, and inflammation to
assess sensitivity. The clinically driven subtypes were more
sensitive to clinical data, and the imaging-driven subtypes
were more sensitive to imaging data as expected, with little
cross-domain sensitivity for all approaches. Figure 6B in-
dicates that clinical +HDDC was more sensitive to differences
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in depression and anxiety questions while clinical+LCA was
sensitive to measures of physical health like age, sex, body
mass index (BMI), and overall health (Table S12 has all re-
sults). The subtypes of clinical+HDDC, rfMRI+Ward, and
sMRI+kmeans found a single nucleotide polymorphism (SNP)
difference compared with the control group (Figure S6 has
details).

DISCUSSION

In this study, we aimed to directly compare depression sub-
types identified using 6 different data-driven approaches in the
same cohort to assess whether the lack of consensus on
depression subtypes in the existing literature is driven by dif-
ferences in study cohorts, subtype approaches, or input fea-
tures. In summary, our findings revealed minimal participant
agreement between approaches (Figure 2), even between ap-
proaches based on input features from the same domain
(clinical/sMRI/rfMRI). The similarity between approaches
increased when matched input features were used (Figure 3),
suggesting that the choice of input features is a critical driver
of resulting depression subtypes, even within general feature
domains. Furthermore, each approach driven by its original
input features was internally relatively stable across bootstraps
(Figure 4), outperformed null comparisons (Figure 5), and
showed sensitivity to multiple phenotypes (Figure 6). The ap-
proaches tended to be more sensitive to phenotypes in their
own domain, indicating that each approach was subtyping on
different sources of heterogeneity. Therefore, this study has
identified core drivers of inconsistency between subtyping
approaches as well as key pitfalls for future work to avoid.
We discovered that accounting for participant variability
was not sufficient to overcome the almost complete incon-
sistency between results of the different approaches, even
within the same data domain. Further investigation revealed
input feature selection and processing choices as the main
driver of subtyping results even within the same domains
(Figure 3B) and a relatively smaller contribution of clustering

SMRI + HYDRA

sMRI + Kmeans

approach (Figure 3A). This finding of the importance of feature
selection and processing choices is similar to previous work
outside the subtyping field (17) and emphasizes the challenge
of analytical flexibility (18,19). Therefore, we recommend that
future work incorporate assessments of subtype agreement
across input feature choices and include rigorous comparisons
to other published subtypes.

Despite comparative disagreement between subtypes, we
found the subtyping approaches to be internally consistent.
Most of the approaches had relatively high stability across
bootstraps (Figure 4) and performed well compared with null
data (Figure 5). This stability is an improvement over previous
critical assessments of depression subtypes in which relatively
lower bootstrap stability (10) have been observed in at least 1
subtyping approach. One possible reason for the improved
stability observed is the relatively large sample size (n = 2276),
which likely improves robustness against potential outliers.
Notably, we observed volatility of Ward’s hierarchical clus-
tering to small changes in participants across bootstraps,
reducing its stability compared with other approaches
(Figure 4) and compared with null data (Figure 5). This finding is
consistent with previous evidence for volatility of Ward’s hi-
erarchical clustering when using a relatively small number of
input features (20-22). Therefore, in future work, investigators
may wish to avoid Ward’s hierarchical clustering (especially in
small feature sets) unless they have reason to believe that
subtypes are hierarchically nested. In general, we recommend
that future work maximize sample sizes and incorporate con-
sistency analyses across bootstraps and against null data to
rigorously determine the reliability of subtypes. Notably, the
stability of subtypes on low-dimensional unstructured null data
displayed high median ARI for all clustering approaches,
suggesting that comparisons to null data are especially
important when there are a small number of input features.

In addition to moderate to good internal consistency, many
of the subtypes were sensitive to relevant phenotypes. The
subtypes were much more sensitive to the phenotypes in their
own domain (clinically driven subtypes being more sensitive to
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Figure 6. Variance explained of each approach across out-of-analysis features. Panel (A) provides the variance explained by each subtyping solution for all
phenotype domains (mental health, body health, resting-state independent component analysis [ICA] network amplitudes and partial correlations, fractional
anisotropy from diffusion-tensor imaging [DTI], and cortical thickness from FreeSurfer). Panels (B) and (C) denote the variance explained of all mental health
and body health phenotypes that have at least 1 significant comparison, respectively. BP, blood pressure; HDDC, high-dimensional data clustering; HYDRA,
heterogeneity through discriminative analysis; LCA, latent class analysis; PNET, partial network correlation; rfMRI, resting-state functional magnetic resonance

imaging; sMRI, structural MRI.

clinical data and neuroimaging subtypes being more sensitive
to their neuroimaging domain), indicating that the subtyping
approaches were likely subtyping on different sources of het-
erogeneity (13). This explains why these approaches can be
internally consistent and sensitive but not agree with each
other. Based on that evidence, this study provides an expla-
nation for why previous subtyping efforts do not converge
despite each article showcasing internal stability and sensi-
tivity. Differences in input feature sets lead to entirely different
but potentially internally consistent subtypes. Therefore, we
recommend that future work systematically investigate and
compare different sources of heterogeneity and/or consider
multimodal input features to potentially optimize cross-domain
consistency.

Most of the sensitivity results explained relatively little
variance (R? < 0.1). We note that the clinical+HDDC approach
was sensitive to a range of mental health variables, in particular
those related to anhedonia and trauma responses (Figure 6B).
Subtypes differed significantly on sex for sMRI+HYDRA
(Figure 6C). Notably, the original study (7) controlled for sex
differences, which was not implemented here because several
of the original articles wanted to evaluate sex differences be-
tween subtypes. Lastly, BMI differed significantly between the
subtypes identified with clinical+LCA (Figure 6C), which rep-
licates their findings (4).

Lastly, it is important to note that some data-driven subtyping
approaches are nondeterministic, meaning that the results are

8

influenced by a random initiation and therefore may change over
repeat runs. Importantly, our findings showed that of the
nondeterministic approaches, HDDC changed the optimal cluster
number on each run for many input feature sets (Figure S5).
Therefore, we recommend that future work that uses nondeter-
ministic approaches to assess consistency across iterations.

We should note some limitations of this work. Firstly, we
diverged from the original studies in some decisions (see
Supplemental Methods Section 5) to maximize the comparability
of findings across approaches. Therefore, any differences in
findings from the original articles should not be overinterpreted.
Secondly, although we adopted a clinical definition for the
depression cohort (16), the degree of depression severity in the
UKB cohort is relatively low, which may impact subtype perfor-
mance. However, this should impact all approaches similarly and
therefore is not expected to impact comparisons.

Conclusions

This study revealed key drivers of disagreement between
subtyping approaches. Because input feature set is a critical
driver of disagreement, we recommend that investigators
assess subtype agreement across input feature space in future
work and compare their work with previous subtypes. Given
the impact of clustering algorithm on subtype solutions and the
possibility of clustering algorithms to embed structure in noise
at low dimensions, we suggest that in future work,
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investigators evaluate the stability of their results across
bootstraps and compared with null data. Finally, given that
subtyping approaches in the current study were sensitive only
to the source of heterogeneity that they parsed, we recom-
mend that future work investigate several sources of
heterogeneity.
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