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Methods S1. Individual-level quality control 
 
Discovery sample 
Of 1623 individuals eligible for the discovery sample, three were excluded because they withdrew their 
consent and one for missing diagnostic information from all subsequent analysis.  
Next, 47 pairs of genetic relatives were identified in PLINK using the command --genome. Of each pair 
showing a PI-HAT ≥12.5, the individual with the higher genotyping rate was kept in the analyses. 
Finally, 322 individuals with missing information in any of the 57 variables used for clustering were 
excluded. The final discovery sample consisted of 1250 individuals, including 590 healthy controls, 
477 MDD, 75 BD, 25 SZA, and 53 SCZ patients, and 30 individuals with other diagnoses disorders 
including anxiety disorders, adjustment disorders, and substance use disorders. 
 
Replication sample 
Of 855 individuals eligible for the replication dataset, one was excluded because of a withdrawn 
consent and two for missing diagnostic information. Next, 27 relatives were removed using the same 
procedure as applied for the discovery sample. Finally, 201 individuals were excluded due to missing 
information in any of the variables used for clustering. The final replication sample for the analysis 
consisted of 622 individuals, including 240 healthy controls, 283 MDD, 44 BD, 13 SZA, and 17 SCZ 
patients, and 25 individuals with other diagnoses including anxiety, adjustment, and substance use 
disorders. 
 
 
Methods S2. Genotyping, quality control, and imputation 
Genotyping was conducted using the Infinium PsychArray BeadChip, as described previously [1]. The 
quality control (QC) of genetic data was conducted in PLINK v1.90b6.10 [2] and R v3.5.2, as 
described previously [3]. Pre-imputation QC of genotype data consisted of the following steps: 
1. Removal of SNPs with call rates <98% or a minor allele frequency (MAF) <1% 
2. Removal of individuals with genotyping rates <98% 
3. Removal of sex mismatches 
4. Removal of genetic duplicates 
5. Removal of cryptic relatives with pi-hat≥12.5 
6. Removal of genetic outliers with a distance from the mean of >4 SD in the first eight 

multidimensional scaling (MDS) ancestry components 
7. Removal of individuals with a deviation of the autosomal or X-chromosomal heterozygosity from 

the mean >4 SD 
8. Removal of non-autosomal variants 
9. Removal of SNPs with call rates <98% or a MAF <1% or Hardy-Weinberg Equilibrium (HWE) test 

p-values <1×10-6  
10. Removal of A/T and G/C SNPs 
11. Update of variant IDs and positions to the IDs and positions in the 1000 Genomes Phase 3 

reference panel 
12. Alignment of alleles to the reference panel 
13. Removal of duplicated variants and variants not present in the reference panel 

For the calculation of ancestry components (used to determine genetic outliers and as covariates in 
the analyses), pre-imputation genotype data were used. Additional variant filtering steps were: 
removal of variants with a MAF <0.05 or HWE p-value <10-3; removal of variants mapping to the 
extended MHC region (chromosome 6, 25-35 Mbp) or to a typical inversion site on chromosome 8 
(7-13 Mbp); linkage disequilibrium (LD) pruning (command --indep-pairwise 200 100 0.2). 
Next, the pairwise identity-by-state (IBS) matrix of all individuals was calculated using the 
command --genome on the filtered genotype data. Multidimensional scaling (MDS) analysis was 
performed on the IBS matrix using the eigendecomposition-based algorithm in PLINK v1.90b6.10. 
 
After imputation, variants with a MAF <1%, an HWE test p<1×10-6, and an INFO metric <0.8 were 
removed. Imputation was conducted using SHAPEIT v2 (r837) [4], IMPUTE2 v2.3.2 [5, 6], and the 
1000 Genomes Phase 3 reference panel.  
In total, imputed genetic data were available for 1,416 individuals in the discovery and 556 individuals 
in the replication sample.  These individuals were imputed as part of a larger dataset with N=2,248. 
Variants before QC: 596,861; variants after QC: 284,691; variants after imputation: 8,565,143.  
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Methods S3. Calculation of polygenic scores 
Ten PGSs were calculated for the following disorders and traits, using training summary statistics from 
published genome-wide association studies (GWASs): ADHD [7] with 19,099 cases and 34,194 
controls, ASD [8] with 18,382 cases and 27,969 controls, BD [9] with 20,352 cases and 31,358 
controls, psychiatric cross-disorder (CD) [10] with 162,151 cases and 276,846 controls, educational 
attainment (EA) [11] with 293,723 individuals, extraversion [12] with 63,030 individuals, hedonic well-
being (HWB) [13] with 221,575 individuals, MDD [14] with 170,756 cases and 329,443 controls, 
neuroticism [15] with 329,821 individuals, and SCZ [16] with 40,675 cases and 64,643 controls. 
PGSs were calculated using the PRS-CS [17] method that employs Bayesian regression to infer PGS 
weights while modeling local linkage disequilibrium (LD) patterns using the 1000 Genomes EUR 
reference panel. All training GWAS variants with an INFO metric <0.6, a MAF <1%, or which were not 
present in the FOR2107 imputation were removed before estimating PRS-CS weights. The global 
shrinkage parameter was fixed to φ=0.01, appropriate for highly polygenic traits. PGSs were 
calculated in R using the PRS-CS weights and imputed dosage data, as described previously [18]. 
 
 
Methods S4. Clustering analysis 
The clustering analysis was conducted in R v3.6.0 using the discovery sample. Clinical variables were 
scaled and submitted to the HDDC algorithm [19] implemented in the R package HDclassif [20]. This 
package implements a subspace clustering algorithm based on the Gaussian mixture model 
framework, which allowed us to fit 14 different models, corresponding to different regularizations for 
the cluster solutions, as explained in detail elsewhere [19]. In order to choose the model best fitting for 
our data, HDDC was run 100 times using cross-validation. In each run, 80% of the discovery dataset 
was randomly resampled without replacement. The best-fitting model, AkBkQkDk, was chosen using 
the Integrated Completed Likelihood (ICL) criterion [21] (Suppl. Fig. S4A). 
The model AkBkQkDk has the following characteristics:  
Ak: The classes have different parameters but there is only one parameter per class 
Bk: Each class has its proper noise 
Qk: All classes have their proper orientation matrix 
Dk: The dimensions are free and proper to each class  
In the context of the data, the optimal model that was chosen assumes that there is a cluster-specific 
variance (Ak), cluster-specific noise (Bk), and that clusters can have different orientations (Qk). Since 
the HDDC algorithm is the subspace clustering algorithm based on the assumption that the clusters 
live in the subspaces of a lower dimension than the initial one, Dk is in this context considered to be 
the dimension of the cluster-specific subspace. For more theoretical details, see Bouveyron et al. [19]. 
After the choice of the optimal model (AkBkQkDk), the optimal number of clusters was determined 
using a leave-one-out jackknife resampling procedure, considered to well-suited for depicting the 
overall variation of the relevant metrics [22]. Here, the potential clustering solutions from K=2 to K=15 
clusters were tested (Suppl. Fig. S4B). In this procedure, the model was fitted 1250 times to the 
discovery sample containing N=1250 individuals, each time leaving out one individual from the 
sample. Hence, 1250 clustering solutions were generated for each analyzed K value. The cluster 
solution where the parameter K reached the best median ICL value in the resampling procedure was 
selected as the final model (K=5). 
The final assignment of individuals to clusters for the optimal model AkBkQkDk and parameter K=5 
was performed based on the 1250 leave-one-out cluster solutions by using the majority voting 
scheme. We conducted majority voting using the function majority_voting, as implemented in the R 
package dicer [23]. Here, we set the argument is.relabelled = False, i.e., the  data was relabeled using 
the first clustering iteration as the reference.   
The stability of the clustering solution was assessed with an additional 100 runs of the model-fitting 
procedure, each time using 95% of the resampled discovery sample (Suppl. Fig. S4C). The thus 
obtained solution was compared to the previously determined optimal solution using the Rand and 
Jaccard similarity indices. Note that the 5% holdout for the stability analysis was chosen to generate 
an additional view of the solution, using the different holdout proportion of 1/20, in-between the 1/5 
and 1/1250 employed for the model and K choice, respectively.  
We used three different resampling strategies in the different steps to reduce the risk of overfitting, 
which is higher when employing only one approach. 
The illustration of the complete clustering workflow is shown in Figure S3, while the results of each 
step provided in Figure S4. For a list of variables used in the clustering, see Table S2; for a list of 
variables used for the post-hoc characterization of clusters, see Table S3. 
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Methods S5. Characterization of clusters 
High-dimensional discriminant analysis 
Supervised high-dimensional discriminant analysis (HDDA) [20, 24] is a subspace classification 
algorithm that incorporates the same Gaussian mixture model fitting for the high-dimensional data as 
the corresponding unsupervised HDDC does.  
Note that because HDDA incorporates the same modeling framework as HDDC, it allows for applying 
the HDDC model (AKBKQKDK) in the analysis of the importance of variables. In this analysis, the 
same 57 variables and the best-fitting model identified by HDDC (AkBkQkDk, K=5) were used to 
predict the cluster labels. The prediction model was run 100 times on the discovery sample, each time 
on a separate random 70% vs. 30% split of training and test data, respectively. For each run, the area 
under the receiver-operator curve (AUC) was calculated using the R package pROC [25]. The average 
metrics across the 100 runs were used as the final measure of classification success. 
The importance of variables was assessed to identify the relevant variables for distinguishing each 
cluster from the others. This importance was measured by calculating the decrease in the model’s 
AUC metric after the values of the respective variable were randomly permuted. The larger the drop of 
AUC after permutation, the more relevant the variable. The variables were ranked using the average 
AUC drop after 100 runs.  
 
Lasso regularized regression 
Lasso (least absolute shrinkage and selection operator) regularized regression [26] analyses were 
conducted using the R package glmnet [27], with 24 predictors (10 PGSs, 4 self-reported family 
history variables, 8 ancestry components, age, and gender). Lasso penalizes regression coefficients 
and may shrink them to zero; the degree of penalization depends on the parameter λ. To tune λ, the 
discovery sample was split 1000 times into 70% training and 30% test data, using stratification based 
on cluster labels. On each of the 1000 training sets, λ was tuned via three-fold cross-validation. In 
each run, the λ minimizing the cross-validation error, i.e., maximizing the AUC (λmin), was used to 
obtain Lasso coefficients on the test set. AUC, sensitivity, and specificity were calculated in each run; 
the average metrics of all runs were reported. The cutoff for the sensitivity and specificity was 
determined using the MaxSpSe method of the OptimalCutpoints package [28]. Lastly, to get the final 
model, i.e., variable sets and their corresponding coefficients for the cluster prediction, lasso was fit to 
the full dataset with λ equal to the median value of all λmin chosen during the tuning procedure.  
 
Methods S6. Statistical testing 
The Westfall and Young method for significance testing controls the family-wise error rate while 
accounting for the possible dependence structure of the analyzed variables. The adjusted p-values 
were directly estimated via 20,000 permutations, using the mt.minP function from the Bioconductor 
multtest package [29] with Welch’s t statistic. After adjusting the p-values using the Westfall and 
Young procedure, they were, subsequently, also corrected for the number of comparisons made using 
Bonferroni’s method. This number of comparisons corresponded to the number of clusters in the one-
vs-all analyses and to (K*(K-1))/2 for one-vs-one (pairwise) analyses.  
 
Methods S7. Assessment of the information gain by PGS  
For the assessment of the information gain of PGSs in the prediction of clusters, we analyzed four 
multinomial regression models using the R package VGAM [30] with cluster labels as the dependent 
variable and the following predictors: a) PGS and ancestry components (ACs), b) family history only, 
c) family history and ACs, d) the full model with PGS, family history, and ACs. Age and gender were 
used as covariates in all four models. The model performance was assessed using Nagelkerke’s 
pseudo-R2, the Akaike information criterion (AIC), and likelihood-ratio tests. For the calculation of the 
pseudo-R2, a null model containing only the covariates age and gender was used. 
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Methods S8. Replication analysis 
To identify the discovery-stage clusters in the replication data, each of the binary discovery-stage one-
vs-all HDDA classification models was used for one-vs-all predictions in the replication dataset, 
thereby conducting K2 comparisons. The discovery-stage model producing the best prediction above a 
threshold of 70% was chosen to assign the cluster identity in the replication sample.  
After matching the discovery and replication clusters, further statistical analysis, i.e., significance 
testing with the Westfall and Young procedure (described in the Methods S6) was carried out to 
confirm the matching and homogeneity of linked discovery and replication clusters. As for the 
discovery sample, p-values adjusted by the Westfall and Young procedure were further corrected 
using Bonferroni’s method for the five comparisons made.  
We analyzed the performance of the discovery-stage Lasso regression models of genetic variables in 
the replication sample by using the λ model parameter, as optimized in the discovery sample (see 
Methods S5), for a Lasso regression analysis of the previously matched replication clusters.   
 
 
 
 
Results S1. Follow-up analyses of the severity continuum 
We conducted a principal component analysis (PCA) to assess whether a simple severity component 
can explain our clusters. The first component (PC1) of the PCA performed on all variables explained 
45.5% of the variance. The SCL90R global severity index was the top-contributing variable for this 
component (Table S21). This PC1 correlated with the cluster labels (Spearman ρ=0.75). However, it 
predominantly captured the distinction between health and disease instead of the overall severity 
gradient: When removing cluster 0 and only correlating clusters 1-4 with PC1, the correlation dropped 
to ρ=0.38.  
We applied SigClust [31] to explore the hypothesis further that a severity continuum might best explain 
our data. However, this method did not find statistical support for the data coming from a single 
continuous Gaussian distribution – when analyzing all data, only psychiatric patients (excluding healthy 
controls), or only the more severely affected clusters 1-4 (each analysis: p≤0.001). The finding that a 
simple severity continuum does not accurately represent our data corroborates the hypothesis that we 
identified five categorical clusters ranked along but not exactly corresponding to a severity continuum. 
The subspace-specific HDDC algorithm, optimized for handling high-dimensional and correlated 
features, thus produced clusters capturing more than a severity continuum. Notably, also a bimodal 
distribution with two subgroups (e.g., psychiatric patients and healthy controls) did not model our data 
accurately. Models with K=2 clusters achieved the poorest fits in all steps of our clustering pipeline (see 
Suppl. Figure S4). 
 
 
 
Results S2. Assessment of the variable selection on the clustering solution 
For obtaining a complete picture of symptom patterns, we considered all available data, including 
clinician rating scales and self-report questionnaires. While the total symptom spectrum was assessed 
with the general self-report questionnaire SCL-90R, we additionally included dedicated self-report 
questionnaires for depression (BDI-II) and anxiety (STAI) symptoms, given their frequent use in 
clinical practice. While the two additional questionnaires highly correlate with the respective SCL-90R 
symptom scales (Spearman ρ=0.86 and ρ=0.71, respectively; see Fig. S1), suggesting no 
overrepresentation of depression and anxiety symptoms, we cannot entirely exclude that the variable 
selection influenced the obtained clustering solution.  
In addition, we did not balance for age or sex when recruiting the diagnostic subsamples due to the 
chosen recruitment approach of generating a representative clinical sample from the referrals of the 
participating hospitals. This approach led to age differences between diagnostic groups, also resulting 
in age differences also between clusters. To control for these differences, age was considered as a 
control variable in all supervised cluster comparisons. 
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Table S1. Characterization of the replication sample and clusters 
 
We compared age, sex, and diagnosis of the discovery and replication datasets. Age and diagnosis 
differed significantly (p=0.01 and p=0.002, respectively), while sex did not (p=0.16). Proportions of 
single diagnostic categories were significant for healthy controls (p=0.005) and MDD (p-value 0.003). 
Other categories did not show significant differences (BD, p=0.4; SCZ, p=0.1; SZA, p=1; Other 
diagnosis, p=0.07). Age at Onset was defined using OPCRIT item 4, it was not available for HC.  
Abbreviations and clarifications: BMI = Body mass index; Family history Any = Family history of 
any psychiatric disorder; AAO = Age at Onset (*not available for healthy controls); HC = Healthy 
controls; BD = Bipolar Disorder; MDD = Major Depressive Disorder; SCZ = Schizophrenia; SZA = 
Schizoaffective Disorder; Other = other psychiatric diagnoses including anxiety, adjustment, and 
substance use disorders; SANS/SAPS = Scale for the Assessment of Negative/Positive Symptoms; 
SF36; 36-Item Short Form Survey. 
Variable ranges and interpretations: Quality of life [0-100, 0=disability]; HAMD 21 item [0-66, 0=not 
present]; HAMA [0-56, 0=not present]; BDI [0-63, 0=not present]; SAPS/SANS [0-86/0-80, 0=not 
present]; CTQ [5-25, 5=less severe experiences]. 
 
Please see the separate Excel file for the table. 
 
 
Table S2. Variables used in the clustering procedure 
 
The baseline variables listed in the table below were used for clustering. The values in this table 
represent the mean (SD) of the 57 variables used in the clustering procedure for the discovery 
(N=1250) and replication (N=622) sample.  
 
Note that some of the available baseline variables were not included in the clustering procedure. 
These variables are displayed in Table S3.  
Most of these variables were excluded from the clustering analysis because they were confounded 
with diagnostic groups or strongly differentiated psychiatric patients from healthy controls. Medication, 
hospitalization, lifestyle, and sociodemographic variables were in this group.  
To avoid over-representing specific diagnostic aspects, we used the SANS and SAPS variables as 
sum scores for clustering. We present their subscales in Table S3. For the Childhood Trauma 
Questionnaire (CTQ), we used the five subscales but not the sum score for clustering.  
The Global Assessment of Functioning (GAF) was excluded from the clustering since the SF36 and 
SCL90R variables cover the aspects of severity and day-to-day functioning. Furthermore, GAF had 
higher missingness than these. The age at onset was not available for healthy controls and thus not 
used for clustering. 
Two variables were completely excluded from all analyses and are not shown in Table S3: 
We completely excluded the Trauma History Questionnaire (THQ) from our analyses, given its high 
correlation with the Life Events Questionnaire (LEQ). The latter LEQ was included for clustering. 
Finally, we excluded the Life chart, which is an instrument to represent disease episodes graphically 
and does not provide quantitative scores.  
 
Please see the separate Excel file for the table. 
 
 
Table S3. Characterization of the discovery sample with variables not used for clustering 
 
The baseline variables listed below were available for the present study but not directly used in the 
clustering. Instead, they were used for the post-hoc characterization of the clusters. For an 
explanation of why these variables were not used for clustering, see the legend of Table S2 above. 
*The age at onset (AAO) was not available for healthy controls. 
 
Please see the separate Excel file for the table.  
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Table S4. Site-specific differences across clusters and diagnoses 
 
The percentage was calculated from the corresponding total (for example Cluster 0, HC Marburg: 
278/448 = 0.62). 
Significant site-specific differences were observed for cluster 0 (p = 0.0003) and cluster 4 (p = 0.008), 
as well as for other diagnoses (p = 0.0002). Note that both sites differed in their recruitment strategies: 
The Münster site focused on recruiting depressive patients, while the majority of psychotic patients 
was acquired in Marburg. Healthy subjects were recruited via newspaper advertisements. In addition, 
recruitment in Münster started nine months after Marburg. Differences between sites in clusters 0 and 
4 are likely due to these different recruitment strategies, given that cluster 0 consists mainly of healthy 
controls and cluster 4 contains most of the psychotic patients. 
Abbreviations: HC = Healthy controls; BD = Bipolar Disorder; MDD = Major Depressive Disorder; 
SCZ = Schizophrenia; SZA = Schizoaffective Disorder; Other = other psychiatric diagnoses including 
anxiety, adjustment, and substance use disorders 
 

   Diagnosis 
Cluster Site Total HC BD MDD SCZ SZA Other 

Cluster 
0 

Total 535 448 9 56 4 2 16 
Marburg 317 (59%) 278 (62%) 7 (78%) 27 (48%) 1 (25%) 1 (50%) 3 (19%) 
Münster 218 (41%) 170 (38%) 2 (22%) 29 (52%) 3 (75%) 1 (50%) 13 (81%) 

Cluster 
1 

Total 38 19 1 17 1 0 0 
Marburg 26 (68%) 15 (79%) 0 (0%) 11(65%) 0 (0%) 0 (0%) 0 (0%) 
Münster 12 (32%) 4 (21%) 1 (100%) 6 (35%) 1(100%) 0 (0%) 0 (0%) 

Cluster 
2 

Total 266 78 15 152 8 5 8 
Marburg 182 (68%) 54 (69%) 10 (67%) 104(68%) 7 (88%) 5(100%) 2 (25%) 
Münster 84 (32%) 24 (31%) 5 (33%) 48 (32%) 1 (13%) 0 (0%) 6 (75%) 

Cluster 
3 

Total 215 34 26 147 3 2 3 
Marburg 143 (67%) 23 (68%) 20 (77%) 98 (67%) 1 (33%) 1 (50%) 0 (0%) 
Münster 72 (33%) 11 (32%) 6 (23%) 49 (33%) 2 (67%) 1 (50%) 3 (100%) 

Cluster 
4 

Total 196 11 24 105 37 16 3 
Marburg 144 (73%) 11 (100%) 13 (54%) 76 (72%) 32(86%) 9 (56%) 3 (100%) 
Münster 52 (27%) 0 (0%) 11 (46%) 29 (28%) 5 (14%) 7 (44%) 0 (0%) 

 

Total 
Total 1250 590 75 477 53 25 30 
Marburg 812 (65%) 381 (65%) 50 (67%) 316(66%) 41(77%) 16(64%) 8 (27%) 
Münster 438 (35%) 209 (35%) 25 (33%) 161(34%) 12(23%) 9 (36%) 22 (73%) 
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Table S5. Most important features from the HDDA analysis 
 
The most important variables for each cluster from the ‘one-vs.-all’ HDDA classification analysis.  
The importance was calculated based on the average AUC drop, as explained in the Methods S5. 
The numbers in the parentheses represent the mean AUC drop across 100 iterations, with the 
standard error (SE) provided in square brackets. The numbers are in the [-1,1] range. Therefore, an 
average of -0.01 represents a 1 percentage point (p.p.) drop of the overall AUC.  
Plots of these variables per cluster are shown in Figure S5. 
 
Cluster 0 
(mean [SE]) 

Cluster 1 
(mean [SE]) 

Cluster 2 
(mean [SE]) 

Cluster 3 
(mean [SE]) 

Cluster 4 
(mean [SE]) 

CTQ Sexual 
abuse  
(-0.01 [0.0003]) 

SF36 Bodily pain  
(-0.08 [0.0124]) 

Maternal bonding  
(-0.016 [0.0012]) 

SF36 Role 
physical  
(-0.014 [0.0014]) 

SAPS (Positive 
symptoms)  
(-0.018 [0.0008]) 

LEQ Negative 
Events score  
(-0.009 [0.0003]) 

SF36 Role 
physical 
(-0.043 [0.0125]) 

CTQ Emotional 
neglect  
(-0.015 [0.0012]) 

CTQ Emotional 
neglect  
(-0.011 [0.0015]) 

YMRS  
(-0.013 [0.0007]) 

SAPS (Positive 
Symptoms)  
(-0.009 [0.0003]) 

NEO-FFI 
Agreeableness  
(-0.021 [0.0129]) 

Paternal bonding 
(-0.014 [0.0012]) 

Maternal bonding 
(-0.011 [0.0015]) 

CTQ Physical 
abuse  
(-0.011 [0.0005]) 

CTQ Physical 
abuse  
(-0.008 [0.0002]) 

RSQ Lack of trust  
(-0.018 [0.0131]) 

SF36 Physical 
functioning  
(-0.013 [0.0011]) 

CTQ Emotional 
abuse  
(-0.01 [0.0015]) 

CTQ Sexual 
abuse  
(-0.01 [0.0005]) 

SF36 Physical 
functioning  
(-0.008 [0.0003]) 

Maternal bonding 
(-0.017 [0.013]) 

SF36 Role 
physical  
(-0.009 [0.0011]) 

CTQ Physical 
neglect  
(-0.007 [0.0014]) 

LEQ Negative 
Events score  
(-0.006 [0.0005]) 

YMRS  
(-0.008 [0.0003]) 

STAIS  
(-0.017 [0.013]) 

ACE Sum  
(-0.009 [0.0012]) 

ACE Sum  
(-0.006 [0.0014]) 

SANS (Negative 
symptoms)  
(-0.005 [0.0004]) 

SANS (Negative 
symptoms)  
(-0.007 [0.0002]) 

SHAPS 
(Anhedonia) 
(-0.013 [0.0127]) 

RSQ Avoidance of 
closeness  
(-0.009 [0.0011]) 

SF36 Physical 
functioning  
(-0.006 [0.0014]) 

CTQ Physical 
neglect  
(-0.004 [0.0004]) 

SF36 Role 
physical  
(-0.007 [0.0002]) 

SF36 Physical 
functioning  
(-0.012 [0.013]) 

CTQ Emotional 
abuse  
(-0.008 [0.0012]) 

CTQ Physical 
abuse  
(-0.006 [0.0014]) 

LEQ Positive 
Events score  
(-0.003 [0.0004]) 

SCL90R Phobic 
anxiety  
(-0.007 [0.0002]) 

NEO-FFI 
Neuroticism  
(-0.012 [0.013]) 

CTQ Physical 
abuse  
(-0.007 [0.0011]) 

SF36 Energy  
(-0.005 [0.0014]) 

VLMT Sum  
(-0.002 [0.0004]) 

CTQ Physical 
neglect  
(-0.006 [0.0002]) 

SAPS (Positive 
symptoms)  
(-0.01 [0.0128]) 

SAPS (Positive 
Symptoms)  
(-0.007 [0.0011]) 

Paternal bonding  
(-0.005 [0.0014]) 

CTQ Emotional 
abuse  
(-0.002 [0.0004]) 

 
 
Table S6. Lasso - clinical variables average coefficients  
The table shows the mean (SEM) of coefficients across 1000 iterations. Variables are sorted based on 
the strongest absolute effect sizes for the model Cluster 0 vs. all. The top ten variables for each cluster, 
based on the absolute mean coefficient, are indicated in bold font. 
 
Please see the separate Excel file for the table. 
 
 
Table S7. Characterization of the discovery sample and its clusters regarding variables used in 

the clustering process 
 
Please see the separate Excel file for the table. 
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Table S8. MDD subtype analysis 
 
This table shows phenotypic characteristics of MDD patients, constituting a secondary, descriptive 
analysis to assess the heterogeneity within MDD patients. The significance of genetic variables was 
tested using the Westfall and Young procedure (Methods S6). Here, only the significant variables are 
shown. The ADHD PGS (*) was not significant in the significance analysis of the full sample including 
all diagnoses. The distributions of the two significant PGS per cluster are shown in Figure S6 A-B. The 
age at onset was defined according to OPCRIT item 4.  
Abbreviations: EA, educational attainment; ADHD, Attention deficit/hyperactivity disorder, W-Y, 
Westfall and Young. 
 
Please see the separate Excel file for the table. 
 
 
Table S9. One-vs-all HDDA classification analysis using only MDD-diagnosed patients 
 
This table shows the most important clinical variables for each cluster when analyzing only MDD 
patients. The variables were identified by the one-vs.-all HDDA classification analysis using n=477 
MDD patients and their respective cluster labels. The importance was calculated based on the 
average AUC drop, as explained in the Methods S5. 
The numbers in the parentheses represent the average (SE) drop across 100 iterations. The numbers 
are in [-1,1] range, therefore an average of -0.01 represents a 1 percentage point (p.p.) drop of the 
overall AUC.  
 
Cluster 0 
(mean [SE]) 

Cluster 1 
(mean [SE]) 

Cluster 2 
(mean [SE]) 

Cluster 3 
(mean [SE]) 

Cluster 4 
(mean [SE]) 

CTQ Sexual 
abuse  
(-0.014 [0.0008]) 

Maternal 
bonding 
(0.023 [0.0128]) 

SF36 Physical 
functioning  
(-0.014 [0.0017]) 

Maternal bonding 
(-0.013 [0.0022]) 

CTQ Physical 
abuse  
(-0.03 [0.0013]) 

SAPS (Positive 
symptoms)  
(-0.013 [0.0008]) 

SF36 Bodily pain  
(0.033 [0.0129]) 

SF36 Role physical  
(-0.013 [0.0016]) 

CTQ Emotional 
neglect  
(-0.012 [0.0022]) 

CTQ Sexual 
abuse  
(-0.022 [0.0011]) 

CTQ Physical 
neglect  
(-0.012 [0.0008]) 

SF36 Role 
physical  
(0.037 [0.0129]) 

CTQ Physical 
abuse  
(-0.011 [0.0017]) 

CTQ Emotional 
abuse  
(-0.011 [0.0021]) 

SAPS (Positive 
Symptoms)  
(-0.02 [0.0011]) 

LEQ Negative 
Events score  
(-0.012 [0.0007]) 

YMRS  
(0.053 [0.0127]) 

CTQ Emotional 
neglect  
(-0.008 [0.0017]) 

SF36 Role 
Physical  
(-0.01 [0.0021]) 

CTQ Emotional 
abuse  
(-0.018 [0.0012]) 

CTQ Physical 
abuse  
(-0.011 [0.0007]) 

SF36 Energy  
(0.054 [0.0129]) 

RSQ Avoidance of 
closeness  
(-0.007 [0.0017]) 

CTQ Physical 
abuse  
(-0.007 [0.002]) 

ACE Sum  
(-0.017 [0.0011]) 

ACE Sum  
(-0.011 [0.0007]) 

SHAPS 
(0.056 [0.013]) 

CTQ Emotional 
abuse  
(-0.006 [0.0016]) 

CTQ Physical 
neglect  
(-0.007 [0.0021]) 

LEQ Positive 
Events score  
(-0.016 [0.0011]) 

SCL Positive 
symptoms  
(-0.011 [0.0007]) 

Social support  
(0.057 [0.0132]) 

ACE Sum 
(-0.006 [0.0017]) 

ACE Sum  
(-0.007 [0.0021]) 

SANS (Negative 
symptoms)  
(-0.015 [0.001]) 

SF36 Social 
functioning  
(-0.011 [0.0007]) 

Verbal IQ  
(0.058 [0.0128]) 

Maternal bonding 
(-0.006 [0.0017]) 

SF36 Bodily pain  
(-0.006 [0.0021]) 

SCL90R Phobic 
fear  
(-0.015 [0.001]) 

SANS (Negative 
symptoms)  
(-0.01 [0.0007]) 

SAPS (Positive 
symptoms)  
(0.058 [0.0127] 

CTQ Sexual abuse  
(-0.006 [0.0017]) 

SF36 General 
health  
(-0.005 [0.0021]) 

VLMT Sum  
(-0.015 [0.0011]) 

SF36 Mental 
health  
(-0.01 [0.0008]) 

CTQ Emotional 
neglect  
(0.06 [0.0131]) 

SCL90R 
Somatization  
(-0.006 [0.0016]) 

SF36 Role 
emotional  
(-0.005 [0.002]) 

CTQ Physical 
neglect  
(-0.014 [0.0009]) 
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Table S10. Metrics of genetic lasso regularized regression prediction models 
 
The table shows the results of lasso regularized regression models applied to characterize clusters 
using genetic variables. The model consisted of 24 predictors – ten PGS, four family history variables, 
eight ancestry components, age, and gender, and was applied both in one-vs-all and one-vs-one 
analyses. In the one-vs.-one comparisons, the cluster tagged as control [28], used for calculation of 
the sensitivity and specificity, was the respective cluster with the higher rank number. The calculation 
of all metrics is explained in Methods S5.  
An AUC between 50% and 60% is considered random model performance. The table lists models with 
an AUC >60%, i.e., showing above-random performance. 
Performance metrics of the models describing the two extreme clusters (cluster 0 vs. all, cluster 4 vs. 
all, and cluster 0 vs. cluster 4) were highest.  
 

Model AUC Sensitivity Specificity 
Cluster 0 vs. all 71% 66% 66% 
Cluster 4 vs. all 73% 67% 67% 
Cluster 0 vs. Cluster 4 81% 75% 75% 
Cluster 0 vs. Cluster 2 67% 67% 63% 
Cluster 2 vs. Cluster 4 67% 64% 62% 
Cluster 0 vs. Cluster 3 66% 63% 63% 
Cluster 3 vs. Cluster 4 64% 61% 60% 

 
 
Table S11. Genetic lasso regularized regression prediction models: summary statistics 
The table shows summary statistics from 1000 runs of lasso regularized regression models applied to 
characterize clusters using genetic variables (see Methods S5). The numbers in the table represent 
the number of times the variable had a non-zero coefficient in 1000 runs and, in parentheses, the 
mean coefficient calculated from 1000 runs. The standard error of the mean is shown in square 
brackets. 
 
Please see the separate Excel file for the table. 
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Table S12. Significance testing of genetic analyses with the Westfall and Young procedure – one-
vs-all comparisons 

 
This table shows the results of one-vs-all significance testing of genetic analyses with the Westfall and 
Young procedure (Methods S6). As in all genetic analyses, 24 variables (ten PGS, four family history 
variables, eight ancestry components, age, and gender) were used to test for significant differences. 
Only the comparisons with significant variables after the Westfall and Young adjustment are shown.  
The distribution of significant PGS per cluster is shown in Figure 1 E-H. 
n.s.: adjusted p>0.05; Any = any assessed psychiatric disorder (MDD, BD, SCZ/SZA). 
 
One-vs-All 
Comparison 

Variable t-statistic p-value adjusted 
using Westfall 
and Young  

p-value further adjusted for 
the number of comparisons 
(N=5)  

Cluster 0 vs. 
all  

Age -7.9 8 ⨯ 10-4 4 ⨯ 10-3 
Family History Any -10.2 8 ⨯ 10-4 4 ⨯ 10-3 
Family History BD -4.2 8 ⨯ 10-4 4 ⨯ 10-3 
Family History MDD -7.0 8 ⨯ 10-4 4 ⨯ 10-3 
PGS Cross psychiatric 
disorder -4.8 8 ⨯ 10-4 4 ⨯ 10-3 

PGS MDD -4.8 1 ⨯ 10-3 8 ⨯ 10-3 
PGS Schizophrenia -3.6 9 ⨯ 10-3 4 ⨯ 10-2 
PGS Educational 
attainment 3.3 2 ⨯ 10-2 9 ⨯ 10-2 (n.s.) 

PGS Neuroticism -3.1 3 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 

Cluster 2 vs. 
all 

Family History Any 4.6 1 ⨯ 10-3 5 ⨯ 10-3 
Family History MDD 3.9 6 ⨯ 10-3 3 ⨯ 10-2 

Cluster 4 vs. 
all 

Age 6.1 9 ⨯ 10-4 4 ⨯ 10-3 
Family History Any 6.4 9 ⨯ 10-4 4 ⨯ 10-3 
PGS Cross psychiatric 
disorder 4.0 3 ⨯ 10-3 1 ⨯ 10-2 

PGS MDD 3.5 7 ⨯ 10-3 4 ⨯ 10-2 
PGS Schizophrenia 3.8 3 ⨯ 10-3 1 ⨯ 10-2 
PGS Educational 
attainment -4.3 9 ⨯ 10-4 4 ⨯ 10-3 
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Table S13. Significance testing of genetic analyses with the Westfall and Young procedure – one-
vs-one comparisons 

 
This table shows the results of one-vs-one significance testing of genetic analyses with the Westfall 
and Young procedure (Methods S6). As in all genetic analyses, 24 variables (ten PGS, four family 
history variables, eight ancestry components, age, and gender) were used to test for significant 
differences. Only the comparisons with significant variables after the Westfall and Young adjustment 
are shown.  
The distribution of significant PGS per cluster is shown in Figure 1 E-H. 
n.s.: adjusted p>0.05; Any = any assessed psychiatric disorder (MDD, BD, SCZ/SZA). 
 
One-vs-One 
Comparison 

Variable t-statistic p-value adjusted using 
Westfall and Young 

p-value further adjusted 
for the number of 
comparisons (N=10) 

Cluster 0 vs. 
Cluster 2 

Age -3.9 5 ⨯ 10-3 5 ⨯ 10-2 
Family History Any -7.7 1 ⨯ 10-3 1 ⨯ 10-2 
Family History MDD -5.8 1 ⨯ 10-3 1 ⨯ 10-2 
PGS Cross psychiatric 
disorder 

-3.6 6 ⨯ 10-3 6 ⨯ 10-2 (n.s.) 

PGS MDD -3.5 1 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 
PGS Neuroticism -3.4 1 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 

Cluster 0 vs. 
Cluster 3  

Age -5.2 1 ⨯ 10-3 1 ⨯ 10-2 
Family History Any -5.3 1 ⨯ 10-3 1 ⨯ 10-2 
Family History MDD -4.3 1 ⨯ 10-3 1 ⨯ 10-2 

Cluster 0 vs. 
Cluster 4 

Age -7.9 8 ⨯ 10-4 8 ⨯ 10-3 
AC4 3.1 3 ⨯ 10-2 3 ⨯ 10-1 (n.s.) 
Family History Any -9.1 8 ⨯ 10-4 8 ⨯ 10-3 
Family History BD -4.2 1 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 
Family History MDD -4.4 1 ⨯ 10-3 1 ⨯ 10-2 
PGS Cross psychiatric 
disorder 

-5.0 8 ⨯ 10-4 8 ⨯ 10-3 

PGS Schizophrenia -4.4 8 ⨯ 10-4 8 ⨯ 10-3 
PGS Educational 
attainment 

4.7 8 ⨯ 10-4 8 ⨯ 10-3 

Cluster 2 vs. 
Cluster 4 

Age -3.9 4 ⨯ 10-3 4 ⨯ 10-2 
Family History BD -3.3 2 ⨯ 10-2 2 ⨯ 10-1 (n.s.) 

Cluster 3 vs. 
Cluster 4 

Family History BD -3.1 4 ⨯ 10-2 4 ⨯ 10-1 (n.s.) 
PGS Educational 
attainment 

3.2 3 ⨯ 10-2 3 ⨯ 10-1 (n.s.) 
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Table S14. Genetic analysis with diagnostic (DSM-IV) labels  
 
A) Westfall and Young significance testing 
 

One-vs-All 
Comparison Variable t-

statistic 

p-value adjusted 
using Westfall 

and Young 

p-value further 
adjusted for the 

number of 
comparisons 

(N=6) 

HC vs. all 

Age -7.0 2 ⨯ 10-3 1 ⨯ 10-2 
Family History Any -10.7 2 ⨯ 10-3 1 ⨯ 10-2 

Family History MDD -7.5 2 ⨯ 10-3 1 ⨯ 10-2 
Family History BD -5.2 2 ⨯ 10-3 1 ⨯ 10-2 

PGS CD -5.1 2 ⨯ 10-3 1 ⨯ 10-2 
PGS BD -4.1 2 ⨯ 10-3 1 ⨯ 10-2 

PGS MDD -5.8 2 ⨯ 10-3 1 ⨯ 10-2 
PGS SCZ -4.7 2 ⨯ 10-3 1 ⨯ 10-2 

BD vs. all Age 6.2 2 ⨯ 10-3 1 ⨯ 10-2 

MDD vs. all 

Age 3.4 1 ⨯ 10-2 7 ⨯ 10-2 (n.s) 
Family History 9.2 2 ⨯ 10-3 1 ⨯ 10-2 
Family History MDD 7.9 2 ⨯ 10-3 1 ⨯ 10-2 
PGS CD 3.1 2 ⨯ 10-2 1 ⨯ 10-1 (n.s) 
PGS MDD 5.8 2 ⨯ 10-3 1 ⨯ 10-2 
PGS Neuroticism 4.1 2 ⨯ 10-3 1 ⨯ 10-2 

SCZ vs. all PGS SCZ 4.2 4 ⨯ 10-3 2 ⨯ 10-2 
 
 
B) Lasso with diagnostic labels – One vs. all models metrics 
The table shows the results of lasso regularized regression models applied to characterize diagnostic 
(DSM) categories using genetic variables. The model consisted of 24 predictors – ten PGS, four family 
history variables, eight ancestry components, age, and gender, and was applied both in one-vs-all 
analyses.  
 

Model AUC Sensitivity Specificity 
HC vs. all 72% 67% 67% 
MDD vs. all 68% 64% 64% 
BD vs. all 71% 67% 65% 
SCZ vs. all 67% 64% 62% 
SZA vs. all 58% 61% 64% 
Other vs. all 53% 61% 48% 

 
 
C) Lasso with diagnostic labels – Summary statistics from 1000 runs  
The table shows number of times variable had non-zero coefficient across 1000 runs and average 
(SEM) coefficient calculated from 1000 runs.  
Values in the table: number of occurrences (mean coefficient (SEM)). Maximum number of 
occurrences: 1000. 
 
Please see the separate Excel file for the table. 
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D) Assessment of the PGS information gain 
The table shows the results of multinomial regression analyses for the assessment of the information 
gain by PGS in the prediction of clusters, as explained in Methods S7.  
Nagelkerke’s pseudo-R2 was calculated using the following formula:  
(1 – exp((2/N) * (logLik(null_model) – logLik(full_model)))) / (1 – exp(logLik(null_model))^(2/N)). 
For the column ‘Nagelkerke’s pseudo-R2‘, the intercept model was used as the null model in the above 
formula. Thus, this column shows the variance explained by the row-specific model. 
For the column ‘Increase in Nagelkerke’s pseudo-R2‘, the null model was the null model shown in row 
1, containing only the covariates age and gender. Thus, this column shows the increase in the 
variance explained of models A-D over the null model. 
Abbreviations: AIC = Akaike information criterion; Y = outcome variable (cluster labels); PGSs = all ten 
polygenic scores (see Methods S3); Family History = four self-reported family history variables (any 
psychiatric disorder, MDD, BD, SCA/SCZ); Acs = eight ancestry components; n.s. = not significant 
(adjusted p>0.05). 
 
 Model Regression model AIC Nagelkerke’s 

pseudo-R2  
Increase in 
Nagelkerke’s 
pseudo-R2 

Likelihood 
ratio test 
(LRT) 

LRT 
p-value 

Null 
model 

Y ~ Age + Gender 2657.3 7.49%  Null model vs. 
Model A 

1⨯10-7 

Null model vs. 
Model D 

1⨯10-20	

Model A Y ~ Age + Gender + 
PGSs + ACs 

2661.8 20.73% 14.30% Model A vs. 
Model D 

2⨯10-18 

Model B Y ~ Age + Gender + 
Family History 

2544.9 19.09% 12.54% Model B vs. 
Model D 

2⨯10-5 

Model C Y ~ Age + Gender + 
Family History + ACs 

2584.1 21.95% 15.63% Model B vs. 
Model C 

0.4 
(n.s.) 

Model D Y ~ Age + Gender + 
Family History + PGSs 
+ ACs (full model) 

2570.1 29.39% 23.67% Model C vs. 
Model D 

6⨯10-7 
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Table S15. Assessment of the PGS information gain (cluster labels) 
 
The table shows the results of multinomial regression analyses for the assessment of the information 
gain by PGS in the prediction of clusters, as explained in Methods S7.  
Nagelkerke’s pseudo-R2 was calculated using the following formula:  
(1 – exp((2/N) * (logLik(null_model) – logLik(full_model)))) / (1 – exp(logLik(null_model))^(2/N)). 
For the column ‘Nagelkerke’s pseudo-R2‘, the intercept model was used as the null model in the above 
formula. Thus, this column shows the variance explained by row-specific model. 
For the column ‘Increase in Nagelkerke’s pseudo-R2‘, the null model was the null model shown in row 
1, containing only the covariates age and gender. Thus, this column shows the increase in the 
variance explained of models A-D over the null model. 
Abbreviations: AIC = Akaike information criterion; Y = outcome variable (cluster labels); PGSs = all ten 
polygenic scores (see Methods S3); Family History = four self-reported family history variables (any 
psychiatric disorder, MDD, BD, SCA/SCZ); Acs = eight ancestry components; n.s. = not significant 
(adjusted p>0.05). 
  
 Model Regression model AIC Nagelkerke’s 

pseudo-R2  
Increase in 
Nagelkerke’s 
pseudo-R2  

Likelihood 
ratio test 
(LRT) 

LRT 
p-value 

Null 
model 

Y ~ Age + Gender 3073.1 7.12%  Null model vs. 
Model A 

2⨯10-6 

Null model vs. 
Model D 

2⨯10-18 

Model A Y ~ Age + Gender + 
PGSs + ACs 

3076.2 17.94% 11.70% Model A vs. 
Model D 

2⨯10-17 

Model B Y ~ Age + Gender + 
Family History 

2975.5 17.12% 10.77% Model B vs. 
Model D 

5⨯10-5 

Model C Y ~ Age + Gender + 
Family History + ACs 

2999.1 20.01% 13.89% Model B vs. 
Model C 

0.1 

(n.s.) 
Model D Y ~ Age + Gender + 

Family History + PGSs 
+ ACs (full model) 

2991.4 25.95% 20.28% Model C vs. 
Model D 

2⨯10-5 
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Table S16. Significance testing with the Westfall and Young procedure – comparison of discovery-
replication pairs 

 
After the discovery and replication clusters were matched, further statistical analysis, i.e., significance 
testing with the Westfall and Young procedure (described in the Supplementary Methods S6), was 
carried out to confirm the matching and homogeneity of linked discovery and replication clusters. All 
57 variables which entered the clustering process were tested. The table shows only the variables that 
were significantly different between the linked clusters.  
A matching cluster assignment was confirmed for four clusters. n.s.: adjusted p>0.05. 
 
Discovery-
Replication cluster 
pair 

Significant variable t- statistic p-value adjusted 
using Westfall 
and Young 

p-value further adjusted 
for the number of 
comparisons (N=5) 

Cluster 0 – Cluster 0 SF36 General health 5.7 2 ⨯ 10-3 1 ⨯ 10-1 
NEO-FFI Agreeableness 4.2 4 ⨯ 10-3 2 ⨯ 10-2 
Letter Number Span test 4.1 4 ⨯ 10-3 2 ⨯ 10-2 
Paternal Bonding 3.5 3 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 
CTQ Physical Neglect -3.8 4 ⨯ 10-2 2 ⨯ 10-1 (n.s.) 

Cluster 2 – Cluster 2 NEO-FFI Extraversion -4.1 4 ⨯ 10-3 2 ⨯ 10-2 
NEO-FFI Neuroticism 3.9 1 ⨯ 10-2 5.7 ⨯ 10-1 (n.s.) 
CTQ Emotional Neglect 3.8 2 ⨯ 10-2 8 ⨯ 10-2 (n.s.) 
RS25 Sum Score -3.8 2 ⨯ 10-2 8 ⨯ 10-2 (n.s.) 
RSQ Avoidance of 
closeness 

3.4 4 ⨯ 10-2 2 ⨯ 10-1 (n.s.) 

RSQ Lack of trust 3.4 4 ⨯ 10-2 2 ⨯ 10-1 (n.s.) 
Cluster 3 – Cluster 3 SCL90R Paranoid 

ideation 
-4.1 4 ⨯ 10-3 2 ⨯ 10-2 

SCL90R Somatization -3.9 6 ⨯ 10-3 3 ⨯ 10-2 
SCL90R Psychoticism -3.8 6 ⨯ 10-3 3 ⨯ 10-2 
SCL90R Global severity 
index 

-3.9 1 ⨯ 10-2 8 ⨯ 10-2 (n.s.) 

SF36 Physical 
functioning 

3.5 2 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 

SCL90R Interpersonal 
sensitivity 

-3.3 4 ⨯ 10-2 2 ⨯ 10-1 (n.s.) 

Cluster 4 – Cluster 4 CTQ Physical Neglect -3.8 7 ⨯ 10-3 3 ⨯ 10-2 
SAPS -4.5 9 ⨯ 10-3 4 ⨯ 10-2 
SANS -3.7 1.5 ⨯ 10-2 7 ⨯ 10-2 (n.s.) 

 
 
 
Table S17. Characterization of the replication sample and its clusters with variables used in the 

clustering process 
 
Please see the separate Excel file for the table. 
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Table S18. Metrics of genetic lasso regularized regression models in the replication sample 
 
After the discovery and replication clusters had been matched, the Lasso model parameters trained on 
the discovery sample were used for lasso regularized regression analyses of the genetic variables in 
the replication sample (see Methods S8).  
An AUC between 50% and 60% is considered random model performance. The table lists models with 
an AUC >60%, i.e., showing above-random performance. 
Performance metrics of the models describing the two extreme clusters (cluster 0 vs. all, cluster 4 vs. 
all, and cluster 0 vs. cluster 4) were highest, similar to the discovery-stage analysis (Table S10). 
 

Model AUC Sensitivity Specificity 

Cluster 0 vs. all 63% 60% 60% 
Cluster 4 vs. all 68% 67% 66% 

Cluster 0 vs. Cluster 4 75% 72% 72% 

Cluster 2 vs. Cluster 4 69% 72% 67% 
Cluster 3 vs. Cluster 4 61% 60% 60% 
Cluster 0 vs. Cluster 2 60% 59% 59% 

Cluster 0 vs. Cluster 3 60% 70% 53% 
 
 
 
Table S19. Replication – Significance testing with the WY procedure, one-vs-all comparisons 
 
Only the comparisons with significant variables after the first adjustment are shown.  
n.s.: not significant at an α=0.05 threshold. WY = Westfall and Young. 
 
One-vs-All 
Comparison 

Variable t-statistic p-value 
adjusted using 
Westfall and 
Young 

p-value further 
adjusted for the 
number of 
comparisons (N=5) 

 
Cluster 0 vs. all  

Age -3.9 3 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 
PGS Cross psychiatric 
disorder 

-3.7 7 ⨯ 10-3 3 ⨯ 10-2 

PGS Schizophrenia -3.2 1 ⨯ 10-3 5 ⨯ 10-3 
Cluster 2 vs. all Age -3.8 1 ⨯ 10-2 5 ⨯ 10-2 
Cluster 4 vs. all PGS Cross psychiatric 

disorder 
3.4 1.6 ⨯ 10-2 8 ⨯ 10-2 (n.s.) 

PGS MDD 3.7 3 ⨯ 10-3 1 ⨯ 10-2 
PGS Schizophrenia 3.1 2 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 
PGS Educational attainment -4.8 1 ⨯ 10-3 5 ⨯ 10-3 
PGS Neuroticism 3.5 6 ⨯ 10-3 3 ⨯ 10-2 
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Table S20. Replication – Significance testing with the WY procedure, one-vs-one comparisons 
 
Only the comparisons with significant variables after the first adjustment are shown.  
n.s.: not significant at an α=0.05 threshold. WY = Westfall and Young. 
 
One-vs-One 
Comparison 

Variable t-statistic p-value adjusted 
using Westfall 
and Young  

p-value further 
adjusted for the 
number of 
comparisons (N=5) 

Cluster 0 vs. Cluster 1 Age -3.7 5 ⨯ 10-3 5 ⨯ 10-2 
Cluster 0 vs. Cluster 4 PGS Cross psychiatric 

disorder 
-4.5 1 ⨯ 10-3 1 ⨯ 10-2 

PGS MDD -3.8 9 ⨯ 10-3 9 ⨯ 10-2 (n.s.) 
PGS Schizophrenia -4.4 1 ⨯ 10-3 1 ⨯ 10-2 
PGS Educational 
attainment 

4.2 2 ⨯ 10-3 2 ⨯ 10-2 

Cluster 1 vs. Cluster 2 Age 4.3 2 ⨯ 10-3 2 ⨯ 10-2 
Cluster 1 vs. Cluster 4 PGS MDD -3.4 1 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 

PGS Educational 
attainment 

4.3 2 ⨯ 10-3 2 ⨯ 10-2 

PGS Neuroticism -3.9 4 ⨯ 10-3 4 ⨯ 10-2 
Cluster 2 vs. Cluster 3 Age -3.3 2 ⨯ 10-2 2 ⨯ 10-1 (n.s.) 
Cluster 2 vs. Cluster 4 Age -3.6 1 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 

PGS Educational 
attainment 

3.6 1 ⨯ 10-2 1 ⨯ 10-1 (n.s.) 

Cluster 3 vs. Cluster 4 PGS Educational 
attainment 

3.2 4 ⨯ 10-2 4 ⨯ 10-1 (n.s.) 
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Table S21. PCA analysis with variables used for clustering 
 
The table below shows the results of the PCA analysis performed on variables used for clustering with 
the purpose of exploring to which degree severity was captured by PC1. 
The first component (PC1) explained 45.5% of the variance and correlated with the cluster labels 
(Spearman ρ=0.77). However, it predominantly captured the distinction between health and disease 
instead of the overall severity gradient: When removing cluster 0 and only correlating clusters 1-4 with 
PC1, the correlation dropped to ρ=0.37. 
 

PC Variance 
explained 

Top five contributing variables 

1 45.5%  SCL90R global 
severity index 

SCL90R 
depression 

SCL90R Positive 
Symptom Total 

STAIT BDI Sum 

2 5.8% CTQ Emotional 
neglect 

Maternal 
bonding 

CTQ Physical 
neglect 

CTQ Emotional 
abuse 

CTQ Physical 
abuse 

3 4.0% VLMT Sum Letter number 
span test 

Corsi block-
tapping test 

Positive symptoms NEOFFI 
Openness to 
experience 

4 3.6% NEOFFI 
Extraversion 

Social support NEOFFI 
Agreeableness 

VLMT Sum NEOFFI 
Openness to 
experience 

5 2.9% LEQ Positive 
Event Score 

RSQ Fear of 
rejection or 
abandonment 

SF36 Physical 
Functioning 

IQ YMRS 

6 2.5% YMRS IQ Positive 
symptoms 

NEOFFI 
Openness to 
experience 

NEOFFI 
Conscientiousness 

7 2.4% RSQ Preference 
for independence 

RSQ Fear of 
Closeness 

IQ NEOFFI 
Conscientiousness 

RSQ Fear of 
rejection or 
abandonment 

8 2.2% SF36 Bodily Pain SF36 Physical 
Functioning 

SF36 Role 
Physical 

Negative 
symptoms 

HAMD_Sum21 

9 1.9% LEQ Positive 
Event Score 

NEOFFI 
Openness to 
experience 

Corsi block-
tapping test 

Letter number 
span test 

LEQ Negative 
Event Score 

10 1.8% RSQ Preference 
for independence 

Corsi block-
tapping test 

CTQ Sexual 
abuse 

Positive symptoms LEQ Negative 
Event Score 

11 1.5% CTQ Sexual 
abuse 

RSQ Fear of 
rejection or 
abandonment 

YMRS RSQ Preference 
for independence 

NEOFFI 
Neuroticism 

12 1.5% YMRS NEOFFI 
Openness to 
experience 

Negative 
symptoms 

LEQ Positive 
Event Score 

Letter number 
span test 

13 1.4% CTQ Sexual 
abuse 

IQ Corsi block-
tapping test 

SAPS Composite 
Score 

LEQ Negative 
Event Score 

14 1.2% NEOFFI 
Conscientiousness 

RSQ Fear of 
rejection or 
abandonment 

RSQ Desire for 
closeness 

RSQ Preference 
for independence 

SF36 Physical 
Functioning 

15 1.1% NEOFFI 
Agreeableness 

HAMA Sum NEOFFI 
Openness to 
experience 

HAMD_Sum21 CTQ Sexual 
abuse 

16 1.1% NEOFFI 
Agreeableness 

SF36 Role 
Physical 

LEQ Negative 
Event Score 

LEQ Positive 
Event Score 

SF36 Social 
functioning 
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Table S22. Bipolar disorder subtypes across clusters. 
For clusters 0-4, the percentages refer to the respective row-specific bipolar disorder (BD) subtype. 
NOS = not otherwise specified. 
 
Variable Full sample  Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 
Discovery sample 
N (BD diagnosis) 41 (55%) 6 (15%) 0 (0%) 3 (7%) 18 (44%) 14 (34%) 
Bipolar Type I, N (%) 33 (44%) 2 (6%) 1 (3%) 12 (36%) 8 (24%) 10 (30%) 
Bipolar Type II, N (%) 1 (1%) 1 (100%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
Bipolar Disorder NOS, N (%) 41 (55%) 6 (15%) 0 (0%) 3 (7%) 18 (44%) 14 (34%) 
Replication sample 
N (BD diagnosis) 44 1 9 7 17 10 
Bipolar Type I, N (%) 21 (48%) 0 (0%) 5 (24%) 2 (10%) 8 (38%) 6 (29%) 
Bipolar Type II, N (%) 23 (52%) 1 (4%) 4 (17%) 5 (22%) 9 (39%) 4 (17%) 
Bipolar Disorder NOS, N (%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
 
 
 
Table S23. Assessing psychotic symptoms of MDD and BD patients in cluster 4 
 
Comparison of positive symptoms scores [mean score (SD)] of MDD and BD patients in cluster 4 to 
MDD/BD patients in the other clusters. Statistical significance was assessed using one-sided t-tests 
with the hypothesis that cluster 4 patients show more positive symptoms. Abbreviation: n.s. = p>0.05. 
 
 MDD BD 

Variable Cluster 4 Clusters 0-3 t-test 
(one-sided) 

Cluster 4 Clusters 0-3 t-test 
(one-sided) 

N  105 372  24 51  
Positive Symptoms 2.0 (4.4) 0.4 (1.3) t = 3.6, 

p = 0.0003 
5.4 (7.2) 1.4 (2.4) t = 2.6, 

p = 0.007 
Delusions 0.5 (1.9) 0.09 (0.5) t = 2.4 

p = 0.01 
0.7 (1.6) 0.1 (0.5) t = 1.7 

p = 0.05 
Hallucinations 0.3 (1.4) 0.03 (0.2) t = 1.8 

p = 0.04 
0.1 (0.3) 0.02 (0.1) t = 1.0, 

p = 0.1 
(n.s.) 

Bizarre Behavior 0.2 (0.9) 0.06 (0.4) t = 1.5, 
p = 0.06 (n.s.) 

0.5 (1.2) 0.04 (0.3) t = 1.9, 
p = 0.03 

Positive Formal 
Thought Disorder 

1.0 (2.7) 0.3 (1.0) t = 2.7 
p = 0.004 

4.1 (5.6) 1.3 (2.2) t = 2.4 
p = 0.01 

 
 
 
Table S24. Healthy Controls – clinical assessment 
 
This table shows phenotypic characteristics of Healthy controls, constituting a secondary, descriptive 
analysis to assess the heterogeneity within healthy controls.  
The significance of genetic variables was tested using the Westfall and Young procedure (Methods S6). 
Here, only the significant variables are shown.  
Importantly, the number of healthy controls differed strongly between clusters, leading to a large class 
imbalance and resulting in a lack of power for the analysis of healthy controls on their own. 
Abbreviations: n.s. =  adjusted p>0.05. 
 
Please see the separate Excel file for the table. 
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Figure S1. Correlation plot of variables used for clustering 
 
The figure below shows the (Spearman) correlation between the 57 variables used for clustering. 
Even though these features are correlated, the HDDC algorithm does not require prior dimensionality 
reduction. It can handle higher dimensions and correlated features [19]. 
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Figure S2. Population substructure (genetic ancestry components). 
 
Post-QC, pre-imputation genotype data were used to calculate ancestry components (for details on 
the QC, see the Methods S2).  
Additional variant filtering steps were: Removal of variants with a MAF <0.05 or HWE p-value <10-3; 
removal of variants mapping to the extended major histocompatibility region (chromosome 6, 25-35 
Mbp) or to a typical inversion site on chromosome 8 (7-13 Mbp); linkage disequilibrium (LD) pruning 
(command --indep-pairwise 200 100 0.2).  
Next, the pairwise identity-by-state (IBS) matrix of all individuals was calculated using the 
command --genome on the filtered genotype data. Multidimensional scaling (MDS) analysis was 
performed on the IBS matrix using the eigendecomposition-based algorithm in PLINK v1.90. 
Abbreviations: HC, healthy control; MDD, major depressive disorder; BD, bipolar disorder; SZA, 
schizoaffective disorder; SCZ, schizophrenia; OTH, other psychiatric diagnoses. 
 
A: Population substructure in the discovery sample. 
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B: Population substructure in the replication sample. 
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Figure S3. Overview of the clustering pipeline 
 
Abbreviations: ICL, Integrated Likelihood criterion [21]. 
The figure accompanies the clustering procedure described in detail in the Supplementary Methods 
S4. The results of each step are shown in Figure S4. 
Note that steps 1-4 used different resampling strategies to reduce the risk of overfitting, which is 
higher when employing only one approach. K=5 was selected as the optimal choice in all steps. 
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Figure S4. Results from the clustering pipeline 
 
The plot shows results of each step of the clustering procedure, as described in detail in Methods S4 
(the corresponding workflow is shown in Figure S3). 
Note that steps A-C used different resampling strategies to reduce the risk of overfitting, which is 
higher when employing only one approach. K=5 was selected as the optimal choice in all three steps. 
A: Step 1: Choosing the best fitting model. Two groups of models were created (separated by a 
substantial difference in median ICL). The group achieving better fits (ICL values) consisted of models 
allowing for modeling of class-specific noise. Among these models, the model AkBkQkDk achieved 
the highest median ICL value and was submitted to the second step of the pipeline (see Figure S3).  
The model AkBkQkDk has the following characteristics:  
Ak: The classes have different parameters but there is only one parameter per class 
Bk: Each class has its proper noise 
Qk: All classes have their proper orientation matrix 
Dk: The dimensions are free and proper to each class  
In the context of the data, the optimal model that was chosen assumes that there is a cluster-specific 
variance (Ak), cluster-specific noise (Bk), and that clusters can have different orientations (Qk). Since 
the HDDC algorithm is the subspace clustering algorithm based on the assumption that the clusters 
live in the subspaces of a lower dimension than the initial one, Dk is in this context considered to be 
the dimension of the cluster-specific subspace. For more theoretical details, see Bouveyron et al. [19]. 
B: Step 2: Choosing the optimal number of clusters K. Error bars show median absolute deviations. 
C: Stability test: K = 5 confirmed as an optimal solution. Error bars show median absolute deviations. 
D: Stability measures – Rand and Jaccard indices. Stability labels were obtained with the majority 
voting scheme from the stability analysis runs and compared to the final cluster labels.  
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Figure S5. Distributions of the most important variables per cluster 
 
The figures below show the most important variables for each cluster, based on the HDDA analysis 
shown in Table S5. A horizontal line represents the mean, and the error bars indicate the standard 
deviation. The dot size is proportional to the number of individuals with the given value.  
A: Distributions of the two most important variables per cluster. The dark square on top indicates the 
cluster for which the variable was among the top two most important variables (see Table S5).  
B: Distributions of all other variables from Table S5, in alphabetical order. 
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Figure S6. Distribution of PGS for MDD patients  
 

The plot shows only PGS that were significant after Bonferroni correction (adjusted p<0.05) in one-vs-
all analyses using the Westfall and Young procedure (Methods S6) in the discovery-stage analysis 
of MDD patients (Table S8). PGS were standardized by Z-score transformation, the y-axis unit is 
standard deviations. A horizontal line represents the mean and the error bars indicate the standard 
deviation of the variables in the respective clusters.  
Panels A-B show results from the discovery and C-D from the replication sample. 
 
A: Attention-deficit/hyperactivity disorder PGS in discovery-stage MDD patients, significantly higher for 
the MDD patients in cluster 4 compared to the MDD patients in all other clusters (adjusted p=0.0095). 
The ADHD PGS was not significant in the analysis including all diagnoses. B: Educational attainment 
PGS in discovery-stage MDD patients, significantly lower for the MDD patients in cluster 4 compared 
to the MDD patients in all other clusters (adjusted p=0.005). C: ADHD PGS for MDD patients in the 
replication sample, The discovery-stage association (significantly higher ADHD PGS in cluster 4 
compared to all other clusters) did not replicate. D: PGS Educational attainment for MDD patients in 
the replication sample. The significant difference of MDD patients in cluster 4 against all other MDD 
patients replicated (Bonferroni-adjusted p=0.005). 
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Figure S7. Discovery-stage HDDA models projected to the replication sample 
 
The projection of HDDA models was conducted to match the discovery and replication clusters, as 
explained in the Supplementary Methods S8. The matched discovery-stage and replication clusters 
achieving the prediction>70% are represented with colored bars. All models except Cluster 1-vs-all 
showed higher predictions to the replication sample for one of the projections. 
The balanced accuracy was used as the evaluation metric for the prediction. This metric evaluates a 
binary classifier by accounting for the imbalance in classes. It is calculated as the average of the 
proportion of correctly classified individuals from each class: (true positive rate + true negative rate)/2. 
 

 
 
 
 
 
 
  

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4

C
lu

st
er

 0
C

lu
st

er
 1

C
lu

st
er

 2
C

lu
st

er
 3

C
lu

st
er

 4

C
lu

st
er

 0
C

lu
st

er
 1

C
lu

st
er

 2
C

lu
st

er
 3

C
lu

st
er

 4

C
lu

st
er

 0
C

lu
st

er
 1

C
lu

st
er

 2
C

lu
st

er
 3

C
lu

st
er

 4

C
lu

st
er

 0
C

lu
st

er
 1

C
lu

st
er

 2
C

lu
st

er
 3

C
lu

st
er

 4

C
lu

st
er

 0
C

lu
st

er
 1

C
lu

st
er

 2
C

lu
st

er
 3

C
lu

st
er

 4

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Discovery cluster

Ba
la

nc
ed

 A
cc

ur
ac

y

Projection of models − cluster matching



 31 

Figure S8. Distribution of ADHD PGS for healthy controls 
 
 
The plot shows the ADHD PGS distribution for healthy controls only. The ADHD PGS was the PGS 
showing the significant difference after the W-Y adjustment (Table S24). However, it does not pass the 
Bonferroni correction. One needs to be aware of the big class imbalance when observing healthy 
controls across different clusters and, thus, possible lack of power.  
 
PGS were standardized by Z-score transformation, the y-axis unit is standard deviations. A horizontal 
line represents the mean and the error bars indicate the standard deviation of the variables in the 
respective clusters.  
 
A: Attention-deficit/hyperactivity disorder PGS in discovery-stage healthy controls patients, 
significantly different after W-Y adjustment for cluster 0 vs. all (p=0.02) and cluster 2 vs. all. (p=0.05) 
B: Attention-deficit/hyperactivity disorder PGS in replication-stage healthy controls patients 
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