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ARTICLE Open Access

Treatment response classes in major
depressive disorder identified by model-
based clustering and validated by clinical
prediction models

Riya Paul', Till. F. M. Andlauer®'?, Darina Czamara®', David Hoehn', Susanne Lucae', Benno Piitz',
Cathryn M. Lewis@®™*, Rudolf Uher*”, Bertram Muiller-Myhsok®’, Marcus Ising' and Philipp G. S&mann'

Abstract

The identification of generalizable treatment response classes (TRC[s]) in major depressive disorder (MDD) would
facilitate comparisons across studies and the development of treatment prediction algorithms. Here, we investigated
whether such stable TRCs can be identified and predicted by clinical baseline items. We analyzed data from an
observational MDD cohort (Munich Antidepressant Response Signature [MARS] study, N = 1017), treated individually
by psychopharmacological and psychotherapeutic means, and a multicenter, partially randomized clinical/
pharmacogenomic study (Genome-based Therapeutic Drugs for Depression [GENDEP], N = 809). Symptoms were
evaluated up to week 16 (or discharge) in MARS and week 12 in GENDEP. Clustering was performed on 809 MARS
patients (discovery sample) using a mixed model with the integrated completed likelihood criterion for the
assessment of cluster stability, and validated through a distinct MARS validation sample and GENDEP. A random forest
algorithm was used to identify prediction patterns based on 50 clinical baseline items. From the clustering of the
MARS discovery sample, seven TRCs emerged ranging from fast and complete response (average 4.9 weeks until
discharge, 94% remitted patients) to slow and incomplete response (10% remitted patients at week 16). These proved
stable representations of treatment response dynamics in both the MARS and the GENDEP validation sample. TRCs
were strongly associated with established response markers, particularly the rate of remitted patients at discharge.
TRCs were predictable from clinical items, particularly personality items, life events, episode duration, and specific
psychopathological features. Prediction accuracy improved significantly when cluster-derived slopes were modelled
instead of individual slopes. In conclusion, model-based clustering identified distinct and clinically meaningful
treatment response classes in MDD that proved robust with regard to capturing response profiles of differently
designed studies. Response classes were predictable from clinical baseline characteristics. Conceptually, model-based
clustering is translatable to any outcome measure and could advance the large-scale integration of studies on
treatment efficacy or the neurobiology of treatment response.

Introduction
Developing a major depressive disorder (MDD) and
recovering from it is a dynamic process. While consensus
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episode™®. During the development of a MDD, patients
may go through sub-clinical phases with areas of preserved
functioning in daily life, yet already show impaired psy-
chosocial stress tolerance™”. Strong inter-individual dif-
ferences in the sensitivity towards psychosocial stress—a
major risk factor for MDD®—may underlie such symptom
plurality. Similarly, the regression of symptoms under
treatment shows strong inter-individual differences.
However, it is hypothesized that stable subgroups’~® and
predictive clinical patterns®™'? exist.

The latter is important for the successful clinical man-
agement of MDD. Treatment should ideally lead to full
remission, as the persistence of residual symptoms
increases the likelihood of a relapse'*. Accordingly, delays
of treatment intensifications or a switch of medication
further increases the risk of treatment resistance and
chronification'”. Early treatment response (e.g., within
2 weeks) is particularly predictive of the longer course'®—
an established finding that also applies to outpatients and
patients receiving a first-time antidepressant treatment'”.
Similarly, distinct psychopathological profiles reflect dif-
ferences in the sensitivity of functional domains to stress
and may be predictive of response patterns. For example,
a patient suffering from severe anhedonia as a core
symptom may respond particularly well to a treatment
that addresses the dopaminergic system '®.

Due the heterogeneous symptomatology of depression,
treatment response classes are typically based on com-
pound scores on which relative change criteria or absolute
thresholds are then applied (e.g., depression severity
below a certain threshold over a defined time period).
Different multivariate statistical techniques have been
employed to identify predictive patterns for such con-
ventional treatment response classes'®'*'?, Chekroud
et al.'” used an elastic net to identify 25 out of 164
patient-reportable variables of the Sequenced Treatment
Alternatives to Relieve Depression (STAR*D) study that
predicted response to citalopram. These variables were
used to train a machine learning model, which could be
validated with significant, yet low accuracy (59.7%) in an
external sample. Nie et al.'%, using data from the STAR*D
study, trained five different machine learning algorithms
on the full (700) or differently reduced (30 and 22,
respectively) sets of clinical features to predict treatment
resistance and non-resistance in STAR*D (at week 12)
and an independent study (at week 6). Predictions were
carried by early response markers and reached moderate
accuracy. Wardenar et al.'> reported that the effect of
information on comorbidities significantly improved the
prediction of depression persistence and severity. Yet,
while the here predicted response classes are mostly
rooted in the long-known importance of early response
and full remission, they are not data-based and may thus
not represent all patterns contained in the data. Here,
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clustering analysis may be useful to dissect the dataspace
into subspaces based on features that are shared within a
subgroup and distinct between subgroups'®. Clustering
analysis has so far mainly been applied towards cross
sectional markers to identify subgroups based on clinical
symptom profiles®*~>?, cognitive markers>*, or functional
imaging markers®®, assuming that clusters could indirectly
reflect distinct pathophysiological components. Here, we
attempt to cluster the treatment response space based on
(total) symptom severity trajectories, i.e., the patients’
clinical development over a defined observation period.
Longitudinal latent class analysis has reported five*® or
nine such prototypical trajectories®” based on 12 weeks of
observation. More specifically, the first study*® demon-
strated rather limited prediction from ~13 clinical base-
line items and polygenic scores formed from five
literature-based, treatment associated genetic variants.
The second study”’ reported weak associations of
response trajectories with the type of medication, yet
investigated no clinical predictors. Another study revealed
seven trajectories based on 1 year of observation®, yet, no
prediction models were tested. One limitation of these
studies, however, is their narrow generalizability as data
from single centers studies were used.

In order to understand whether treatment response
classes (TRC[s]) are specific to a study site-specific patient
selection and treatment approach or whether they
represent a generalizable dynamical fingerprint, we
included two types of cohort studies in our work: First,
the Munich Antidepressant Response Signature (MARS)
study, a prospective, open, observational trial performed
at the MPI of Psychiatry, Munich, and collaborating
hospitals®. Second, the Genome-based Therapeutic
Drugs for Depression (GENDEP) study, a partially
randomized, multicenter clinical and pharmacogenomic
study®. In both studies, the Hamilton Depression Rating
Scale (HAM-D), which achieves good test-retest and
interrater reliabilities®® was used to assess current
symptom levels, covering most domains that define
MDD such as depressed mood, suicidality, anhedonia,
lack of drive, circadian symptom changes, and autono-
mous nervous system disturbances.

The aims of this study were (i) to establish TRCs in a
data-driven fashion, based on serial depression ratings as
acquired during studies with naturalistic or partially
randomized treatment, and (ii) to assess the general-
izability and clinical validity of the resulting TRCs. For
this purpose, we applied a mixed model-based, non-linear
longitudinal clustering technique to detect TRCs (also
referred to as clusters) in MDD in our discovery sample, a
subsample of the MARS cohort. The core feature of this
clustering technique is to assigns individuals to a cluster
(here: a TRC) by while borrowing information from all
other individuals and hereby improving cluster stability,
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which often is critical for generalizability and clinical
applications. For the second aim, we assessed cluster
generalizability empirically in a second subsample of
MARS (MARS validation sample) and in the GENDEP
sample, and employed random forest analyses to explore
if clinical characteristics at baseline can predict the TRCs
in the MARS discovery and validation sample.

Methods and materials
General study samples characterization

Both the MARS and the GENDEP study protocol were
approved by the respective local ethics committees. All
participants gave their written informed consent before
participation. MARS patients were admitted to the hospital
of the MPIP, Munich, Germany, or collaborating hospitals
in southern Bavaria and Switzerland for the treatment of
different depressive disorders. Started in 2000, the study
aimed at generating a large database of longitudinal
observations with weekly ratings along with socio-
demographic, psychopathological, and biological data from
in-patients with all types of depressive disorders including
MDD, bipolar depression, and schizoaffective disorder®.
Diagnoses according to ICD10** were obtained from
trained psychiatrists using patient interviews and clinical
documentation®®, Of 1286 available patients, only patients
with either a single episode of MDD (ICD-10 F32, N = 373)
or a recurrent (unipolar) depressive episode (ICD-10 F33,
N =698) were eligible. Patients with bipolar depression
(N=175), chronic depression (ICD-10 F34, N=3), or
patients with a baseline HAM-D score <14 (N = 37) were
excluded. Of the remaining 1071 datasets suitable for this
study, 834 patients (recruited 2002—2011) formed the dis-
covery sample and 236 patients (recruited 2012-2016) the
MARS validation sample. The split point represented an
organizational intercept related to genotyping activity
unrelated to this study. The age range was 18—87 years (see
Table 1 for demographic and clinical details). Patients were
treated psychopharmacologically according to the attend-
ing doctor’s choice and received therapeutic drug mon-
itoring to optimize plasma medication levels. Depression
symptoms were evaluated weekly using the 21-item version
of the HAM-D until week 6 and, after that, bi-weekly until
discharge or, if not discharged, until week 16 as the latest
assessment. During the first six weeks, 7.1% of the HAM-D
scores were accidentally missing due to organizational
reasons. Accidentally missing HAM-D scores of the first
6 weeks and bi-weekly skipped HAM-D scores between
week 6 and 16 were linearly interpolated from the previous
and subsequent scores to obtain complete time series.
Eighty-eight percent of patients of the discovery and 99% of
the MARS validation samples were discharged before week
16 and thus provided HAM-D time series with fewer than
17 data points.
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The GENDEP study represents a partially randomized,
multicenter clinical, and pharmacogenomic study on
depression® into which 826 subjects were enrolled
between July 2004 and December 2007. The main inclu-
sion criterion was the diagnosis of a major depressive
episode of at least moderate severity as defined by DSM-
V! and ICD-10 criteria®® and as established by the Sche-
dules for Clinical Assessment in Neuropsychiatry (SCAN,
version 2.1)**, Exclusion criteria were a first-degree rela-
tive with bipolar affective disorder or schizophrenia, a
history of a hypomanic or manic episode, mood incon-
gruent psychotic symptoms, primary substance misuse,
primary organic disease, current treatment with an anti-
psychotic or a mood stabilizer, and pregnancy or lacta-
tion. Patients eligible for both antidepressants were
randomly allocated to receive either nortriptyline
(50-150 mg/day) or escitalopram (10-30 mg/day) for
12 weeks with clinically informed dose titration. Patients
with a history of adverse effects, non-response or con-
traindications to one of these drugs were non-randomly
allocated to the other drug. Patients who could not tol-
erate the initially allocated medication or who did not
experience sufficient improvement with adequate dosage
within 8 weeks were offered the other antidepressant.
Depression symptoms were evaluated weekly until week
12 by psychiatrists or psychologists using the 17-item
version of the HAM-D score®. The age range of all
subjects was between 18 and 72 years, all patients were of
European ethnicity. A total of 15 subjects who had
missing data on all three suicidality items at baseline were
excluded, as were patients with a baseline HAM-D score
<14, leaving 809 patients for analysis**. Demographic data
are given in Supplementary Table S1. Different biological
aspects of treatment response>*” and psychopathological
predictor schemes have been reported from this study *”.

Clustering algorithm

A mixed model approach was used to describe the
course of the individual HAM-D score time series, after
(natural-) logarithm (In) transformation (In of [HAM-D
scores +-0.5]), considering information not only from the
individual trajectory, but combining trajectories of several
patients to identify TRCs. For a first organization of
HAM-D responses into TRCs, we applied the FlexMix**>°
clustering algorithm in R (version 3.3) on the HAM-D
trajectories of the MARS discovery sample. FlexMix
provides an infrastructure for the flexible fitting of finite
mixture models using the expectation-maximization
algorithm to cluster individual trajectories. The algo-
rithm iterates between computing the expectation of the
log-likelihood and maximizing it to find the parameters of
the TRCs. To achieve a stable cluster solution, we ran the
clustering model with 200 repetitions and determined the



Page 4 of 15

187

Paul et al. Translational Psychiatry (2019)9

LL10 690 oLl 70 Y N dwod™pps SSQUDAIS|INAWOD 10} Y06-1DS 0
8810 790 660 90 160 N wos™ds UO[IBZI1eWIOS 10§ (H06-T1DS) H-06-35IPayd woidwiAs 0 AbBojoyredoydAsd sujjaseg
1110 ¥6' LY 9£'98 59'8¢ 078 N JUDAT-IM SIUDAD 3| JO WINS Pa1ybBIam-ssang 0
6S€0 €811 €C0¢ 9ol 05'6C N USA3-] SIUDAD 3Jl| JO wing 0 SIUDAD 91
60C0 GE0 LE'S €0 123 N DLV9H (jow/jowiw) [2n9] 21YaH 0
5¢0000 006 €8¢ [5x4 6L N ddd (1/Bw) |9A9] 44D 0
8510 [S€ 6CGL €6 9l9l N 4t (/1owd) 28] suowioy {1 2914 0
G900 90 944 €60 VA4 N €l (I/jowd) [9A3] dUOWLIOY €] 3314 0
550000 Ll SLL 'l A N HSL (i/nIr) [9A9] suowoy Bunenuins plosAy L 0
8900 ¥5'€9 0£/90C 196¢ €5°00¢ N [pSEq 10D (1/61) [9A9)] |0S0D Bujulo 0
0¥9°0 611 016/ 9Ll 0L8L N eIpyy (64 wuw) aunssaid poojq dijoiseld 0
8800 YLl ¥0'8Z1 olLglL 8/°GCL N sAsyy (BH ww) ainssaid poojq 21j01sAS 0
9100 Ll 508 glel S8 N UH (Ulw/1) 1el Weay 0
G/00 LTS ¥6'SC 344 Y€5C N NG (63/¢ w) xopul ssew Apog 0
050 8C'S ¥6'SC 09 S9'SC N 1ybrom (6%) 1ybrom Apog 0 elep Aloleioge]
20 600 (@A) 600 (@A) N 1yb1ay (w) ybray Apog 0 aul|aseq pue |edipaw diseq
510000 %L6C %E0L a JUaLN2TI0YdAsd oposida Juaund ay3y bulnp swoldwAs d10YdAsd 0
>L0000> %tS'C %1Le0L a UBND7S aposida uaund ayy bupnp 1dwaine apping 0
LLEOD el L0'L 060 601 N 21035 DYlY  uonedipaw-aid 10 35UBISISI JUSUIIRI] JO 210DS [e10) DYV 0
//50 891G 6lCe v/'8S 14549 N pxopul (Soam) wbom_aw 1Ua1Ind 3yl Jo uoheing 0 mbomam 1US1IND UO UOewIojU|
7800 90 9l'0 850 €20 oV 09X~ Wej appIns paydwaiie Jo AIoisly Ajiude 0
/580 960 /80 S60 880 N €47 Tze4Twey  (Japiosip ejodiq 1da0x3) SI9PIOSIP SANDRYR JO AIOISIY Ajiude 0
87€0 LE0 800 LE0 S00 oN L4 wey siopiosip Jejodiq Jo Aloxsly Ajiwe 0
ore0 €0 900 LE0 800 oN 6247074 wey siapaosip dluaiydoziyds jo Aioisly Ajiused 0
090 %LyH9 %61€9 a Kioisiy~wiey SI9PIOSIP [RIUAW Aue Jo AIolSIY Ajieq 0 Kiows1y Ajiwueq
50000 %L8'E %S1LL a KioysiyT1oyoAsd aposida snoinaid Aue Ul swoldwAs dnoYdAsy 0
510000 %6 %bS61L a Kioisiy~s 2posids 1ualnd a10jeq 1dwane spdIns Auy 0
7680 69°¢ 85C 174 97 N 1doraud soposida aAIssaidap snoiaaid Jo JsquinN 0
4200 QYL 90v¢ 9l'SL 1G°9¢ N uo—abe (s1eak) 195U0 aseasip 1e by 0 J9PIOSIP SAISSaIdIp Jo AIOISIH
9€50 %56'99 %€919 D 0Ladl (%) (€€4) S19pIOSIP dAISsAIdIP JUSLNDSI 10} 3POD OL-ADI 0 sisoubelq
8/90 8/0 95l 8/0 S'1 N 1uswAodwa awin ||nj/awn Ued/pakoidwaun :snieys JusauiAojdwy 0
€6€0 %9t 7T 9% ST a UsWIaIRaI~buules JusWAo|dwa ‘sA Juswiainal/bulules ul bulag 0
VA4 1SL LzotL 9L ceol N uoneonpa  (Sieak) (PaISPISUOD 10U AJISISAIUNY UONEINPS JO SIEIA [00YDS 0
4000 9695°8¢ %7 0S a asnods Jauped e yum BuiAn 0
L¥6'0 % 6€°€S % CLES a X35 (SeWI3) 9%) X3S 0
58000 66171 8Y'S [{o}7l 98y N abe (s1eak) uoisnpul Apnis 1e aby 0 elep diydeibouwaponos
% %
as uesy as ueapy
2onea-d  sjdwes uonepijea syyw  djdwes A1anodsip SYYW  adAL aweu Joys uondudsap a|qeuep [9pow f1o6aye)
11040d SYYW 3Y3 ul spepow uoipdipaid ajelieAnnjnw 10) pasn swal [ediulp jo uondudsaq L d|qel



Page 5 of 15

187

Paul et al. Translational Psychiatry (2019)9

‘0 [9pow Jo 1ed Jou 249M SW )l DY) Se Pa1sal 10N,
“(pa1d3ye SaANR|R) 33169P-pU0daS pue 92163p-1siy J0 93163p-1silY) ¢ Pue ‘(Pa1daYe SANR|RI 33169P-Pu0das A|uo) | ‘(Pa1d3J4R DANE|DI OU) ( SB PAPOD BIIM Sd|qeLieA ‘1531 dllaweled e Ul ash [ewndo mojje oy,
100°0 = 05/S0°0 > d :2J9y ‘bunsay a|dnjnw 10§ UONDBIIOD 1UOLIBJUOY JdYe S uedylubis,

(500 > d) @>uedyiubis [BUIION,

(S9]gelIBA [BDLIBWINU JOJ 159)-] S,JUSPNIS ‘S9|CelLIeA [eD1I06R1RD PUB SNOWOIOYDIP 10) 159) UO)jeH-URWDI4-I9Ysl4 pue 153] 10eX3 §Jaysly) sojdwes uonepljea pue AI9A0JSIP SYYIA @Yl U9dMISQ suosliedwod papis-om|,
|es110633ed ) ‘snowoloydip g ‘|eduswnu N

SN SN SN SN SN a IMC AH  D99M 7 Jaye (Uononpal 9457 <) asuodsal [eied Aues g-IWvH €7 (T >o9Mm 1e) asuodsal |eied Aeg

/N SN /N SN SN N L2 0Q-WVH-10" 0d-NVH (Suljeseq) sway ojbuls G-WVH LT €'l (duieseq) swiay a|buls -WvH
€290 98'L 881 0Ll 18 N ¢piTbdy 9DURSISIDG 3]edSqNS—3UdPURAa] Plemay DdL 0
8LE0 ¥8'€ 05°/L 0€'€ SLLL N pi~bds [e30) Sdudpuadag plemay DdL 0
ql000 844 0L 8¢ L0€EL N su~bd) 101 Bu3S AYSAON DdL 0

|PIO} 9OUBPIOAR

98¢0 w6'S LT0C 89S €90C N ey bdy WieH (Dd1) JIPUUONSAND ANBUOSIDY [RUOISUSUIPU| 0
£950 €0€ L0'S 16T 0TS N o bda uolsianenxs Ny-0d3 0
40100 or'l ale vl 61 N Asd™bda wisIPROYRAsd Hy-Dd3 0

Q€60 [Yard 789 05T G890 N nau~bda WSIDNOINAU HY-({DdT) 41PUUONSIND AM[BUOSIDd HDUISAT 0 swia)l Aljeuosiad
£050 Y50 080 550 €80 N Asd™pps wspRoydAsd 10§ Yo6-10S 0
81C0 780 660 L0 60 N Jed™pos uoneap! plouesed 10j Y06-10S 0
€870 €80 v60 SL0 880 N oydTps Aiaixue diqoyd 104 406-10S 0
9r00 690 980 090 LL0 N Bbe7ps soU/ssauanissaIbbe 1oy Yo6-1DS 0
85C0 SL0 LEL 00 LEL N XueTps Aia1xue 10} Y Y06-1DS 0
0990 9,0 90C €0 80C N dapos uolssaidap 104 Y06-10S 0
0£90 €80 €eL L0 0¢'L N DERV RN 1DBIUOD [BDOS Ul AWUIBLIDUN 10} Y06-1DS 0

% %
as ueapy as ueapy
2onea-d  s|dwes uonepijea syy  djdwes L1anodsip SYYW  adAL aweu joys uondudsap ajqeuep [9pow Kio0baje)

p=snuniuod | a|qel



Paul et al. Translational Psychiatry (2019)9:187

optimal number of TRCs based on the Integrated Com-
pleted Likelihood (ICL) criterion generated by the model.

To validate the stability and generalizability of the
clustering solution, the coefficients of the model of the
discovery sample were projected onto a second, later
acquired subsample of the same cohort, referred to as
MARS validation sample (N = 236). Here, the hypothesis
was that the patients are classifiable into the defined TRCs
with approximately equal proportions and similar cluster-
wise median HAM-D courses as had been observed for
the discovery sample. In addition, we projected the same
clustering model onto 12-week HAM-D courses of the
GENDEP sample, hypothesizing similar median HAM-D
courses per class, yet, not necessarily similar cluster
proportions due to differences in the patient population
and the study design. For both projection experiments,
resulting proportions of classes were compared with the
original distribution of the discovery sample using a x>
test. In order to assess suitability of the clustering solution
for the validation samples, posterior likelihood values,
classification log-likelihoods and eventually ICL values for
were calculated on the basis of the clustering model of the
discovery sample.

To assess the applicability of the original clustering
coefficients to samples with a shorter observation interval,
we systematically lowered the number of applied coeffi-
cients down to 1 and, for each observation interval report,
compared this classification with the classification based
on all coefficients (i.e., the full observation interval). The
true distance (or dis-correlation) between the two solu-
tions was calculated by Pearson correlation between
model-based slope values of the respective TRC.

Multivariate prediction analyses

We then conducted a multivariate analysis using a
random forest algorithm as implemented in the R package
Ranger® to detect associations between clinical variables
and the previously obtained TRCs in the MARS sample.

Clinical predictors

All 72 clinical variables are explained in Table 1. Their
selection was based on two rationales: First, availability in
both MARS subsamples and, second, preference of such
variables that are based on broadly available measurement
instruments. The main model (model 0) comprised 50
clinical variables strictly from the baseline assessment,
covering the domains of sociodemographic data, clinical
diagnosis, history of the MDD, the current episode, psy-
chiatric family history, basic laboratory data, life events,
the current psychopathology (Symptom Checklist [SCL-
90R])*', and personality questionnaires (Eysenck Person-
ality Questionnaire [EPQ]*?, Tridimensional Personality
Questionnaire [TPQ]*®). As random forest models require
complete datasets, missing data were filled by the
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respective median of the total sample (for details see
Supplementary Table S2). Extended models were: Model
1, which is model 0 expanded by 21 baseline HAM-D
single items to investigate the effect of unfolding the
baseline psychopathology; model 2, which is model 0
expanded by the partial response at week 2 to investigate
the influence of early longitudinal observations; model 3,
the combination of both expansions (Supplementary Fig.
S1).

Random forest-based prediction models

The basic algorithm used in the Ranger package is a fast
implementation of random forests for high dimensional
data. In a random forest, each node is split using the best
among a subset of predictors randomly chosen at that
node™. Two parameters were used to control this process:
the number of prediction trees (bagging) and the number
of features to search across to find the best feature (mtry).
Mtry is the square root of D, which is the number of
independent predictors used for classification. Predictions
were obtained by aggregating the prediction trees (i.e., the
majority votes for classification and the average for
regression models). We calculated adjusted coefficients of
multiple correlation R* (to quantify the explained variance
and predictive quality of the entire model) and corre-
sponding p-values. To characterize feature importance, a
permutation based method that exploits the distribution
of measured importance for each variable in a non-
informative setting was applied*® (10000 permutations);
predictors with p <0.05 are reported in more detail.
Further, differences in R* between competing models
were compared after Fisher's Z-transformation of the
respective r values.

Prediction models were estimated on the pooled dis-
covery and validation MARS sample. For each set of
predictors, two ways of modeling the HAM-D time series
were considered: first, the patient’s individual treatment
response slope, a simple linear regression on In-
transformed HAM-D values, and, second, the slope
derived from the clustering model. The rationale for this
comparison was to determine the quality of the clustering
method to generate meaningful and generalizable out-
come classes. Further, class specific classification accuracy
values (i.e, [true positives + true negatives]/[true posi-
tives + false positives + true negatives + false negatives]),
were calculated on the basis of respective confusion
matrices in which the class of interest was defined as true
class, and the remaining six other classes as false class.

Results
Clustering of HAM-D time courses

When applied to the HAM-D time courses of the dis-
covery sample, the FlexMix clustering algorithm did not
converge for any number of clusters k<4 or k>10. We
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therefore assessed cluster stability in more detail for k > 4
and k < 10, using 200 repetitions of the algorithm for each
k. The lowest value of the ICL criterion, representing an
optimal model fit, was found for seven clusters (Supple-
mentary Fig. S2A). Figure 1 shows the resulting TRCs (C1
to C7), sorted by their model-derived slope. C1 showed
the fastest symptom improvement, whereas C2 and C3
were characterized by improvements at slower rates.
Cluster C4 reflected a more volatile symptom develop-
ment, while C5, C6, and C7 were characterized by low
improvement rates, with C7 showing practically no
improvement over at least 16 weeks. Mean baseline
HAM-D scores differed slightly between clusters
(ANOVA, p =0.009); mean average HAM-D scores of the
episode differed strongly (ANOVA, p=4.022 x 10" '*9),
Cluster-derived slopes correlated weakly with baseline
HAM-D (r=0.09, p=0.002) and strongly with average
HAM-D scores of the episode (r=0.57, p=28.270 x
107°) (Supplementary Table S3).

To examine whether the TRCs represent stable and
generalizable entities, we assigned the patients of the two
MARS- and GENDEP-based validation samples to clus-
ters, using the coefficients of the model estimated in the
discovery sample. Figure 1 compares the individual tra-
jectories across the three samples and shows the respec-
tive cluster-specific median time courses along with
boundaries that include 95% of values of the discovery
sample. Supplementary Fig. S2B shows ICL values for
both validation samples, separately and combined. All
samples showed an ICL minimum for seven clusters
except for the MARS validation sample. The latter
showed a flat ICL profile with a relative minimum at five
clusters, most likely due to the relatively small sample size
of about 30% compared with the MARS discovery and the
GENDEP validation sample. For the MARS validation
sample we observed that median HAM-D courses were
highly similar to the discovery sample and cluster pro-
portions were not different (X?=6.157, p =0.40). The
GENDERP validation sample exhibited very similar median
HAM-D courses compared with the discovery sample,
except for C4, which had lower median values compared
with MARS, caused by several patients with high volatility
between week 4 and ~10 and HAM-D values below the
95% threshold. Compared with the MARS discovery
sample, GENDEP clusters had different proportions
(X*=17713, p=138x10"), showing fewer fast
responders (e.g., in C1, average 4.9 weeks to discharge)
and more slow responders (e.g., in C7 average 20.8 weeks
to discharge).

Next, we analyzed to what degree a lower number of
sequential observations would suffice to predict the TRCs
instead of using the full observation interval. Here, we
detected an almost linear increase of the correlation
coefficient between the reduced and full solutions from
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week 0—4. Correlations were already high at week 8 for
the MARS validation and the combined MARS sample
(0.96-0.98) (Fig. 2). For GENDEP, as fully independent
sample, the slope was generally lower, reaching 0.77 at
week 8 and remaining linear until its maximum.

Strong correlations between the TRCs and established
response markers (weeks until discharge, response [50%
relative symptom decrease at discharge] and remission
[HAM-D <10 at discharge]) were confirmed (Supple-
mentary Table S4). These differences were significant
between ~80% of neighboring clusters, particularly for
remission as a conservative criterion (Supplementary
Table S5), highlighting an ecological importance of the
cluster differences. Clusters also differed regarding the
psychopharmacological treatment administered through-
out the episode for three of nine medication classes
(benzodiazepines, tricyclic antidepressant, and anti-
psychotics) (Supplementary Table S4).

Predicting TRCs from clinical characteristics

We assessed whether the attribution of patients to the
TRCs can be predicted from clinical characteristics. While
explorative, the analysis served mainly as general cluster
validation step by probing if the TRCs associate with
clinically plausible and previously reported prediction
patterns. To this end, we analyzed four models with a
focus on model O that comprised 50 clinical baseline
items. Model 1 comprised additional baseline HAM-D
single items, model 2 contained the early partial response
at week 2, and model 3 combined models 1 and 2. All four
models predicted treatment response in the combined
MARS sample for both alternatives of modelling the slope
(individual and cluster-derived) (both p<2.17 x10™2},
Table 2). Overall, two performance levels (A and B) were
observed for models using the cluster-derived slope: (A)
Model 0 and 1 both explained 13% of the variance, which
means that no gain was achieved by inclusion of the
baseline HAM-D single items. (B) Model 2 and 3
explained 20% and 21% of the variance, respectively, with
the improvement over (A) induced by the early partial
response item; as observed in the first comparison (A), no
added effect of the baseline HAM-D single items was seen
for model 3. Predictions were also significant for all four
models when analyzing the two MARS subsamples (p <
1.30x 107" and p<871x107° for the discovery and
validation sample, respectively). It is worth mentioning
that for the MARS validation sample the prediction ana-
lysis was entirely independent from the clustering pro-
cedure. Across all models, using the cluster-derived slope
explained significantly more of the variance than using the
individual slopes (Table 2). Classification accuracies as
calculated from cluster-specific confusion matrices ran-
ged between 75.0% and 95.2% (Supplementary Table S6
for details).
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Fig. 1 Resulting cluster shape characteristics and underlying natural logarithm-transformed HAM-D courses for the discovery sample and
both validation samples. X-axis: observation time in weeks; Y-axis: natural logarithm-transformed HAM-D values (purple: raw values, black: cluster-
specific median, pink: model-based linear fit). Slope and intercept values of all clusters are given on the right. Clusters are sorted from C1 to C7
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Table 3 lists 10 (out of 50) predictors of model 0 that
gained significance based on a multivariate comparison of
the respective single item against all other competing
items*>. We also analyzed univariate associations of these

items with the TRCs (likelihood ratio test on a generalized
linear model). Concordantly, both types of comparison
revealed strongest effects for the personality items neu-
roticism, extraversion, and harm avoidance. Furthermore,
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Fig. 2 Prediction accuracy for reduced observation intervals. Correlation of prediction result achieved from reduced observation intervals
ranging from one observation (baseline HAM-D) to the full set of either 17 HAM-D values (baseline through week 16, for MARS derived samples) or 13
HAM-D values (baseline through week 12, for GENDEP sample). Pearson correlations were calculated between clusters predicted using the reduced
and predicted with the full observation interval, using the model-based HAM-D slope of the respective cluster. Note that a positive linear correlation
of =0.50 was reached at week 2 and a correlation of =0.96 (for the MARS samples) and =0.77 (for GENDEP) was reached at week 8

we investigated the cluster-specific averages of each
clinical item, comparing them to the 95% confidence
interval (CI) of the entire sample (Table 3): Clusters with
fast improvement (C1 and C2) showed below-average
values of all predictors except for the personality trait of
extraversion. By contrast, the treatment resistance cluster
C7 showed above-average values of all items except for
the personality items extraversion and psychoticism. More
generally, except for extraversion, there was a tendency
that lower clinical scores (i.e., a shorter duration of the
current episode, less SCL-90R symptoms, fewer stress-
weighted life events, and lower scores for the personality
items neuroticism and harm avoidance) were found in
clusters with good treatment response, and higher scores
in clusters C6 or C7. Deviations from this pattern, mostly
in the intermediate clusters C3—C5 (see, for example, the
stress-weighted life events) may point towards non-linear
relationships or complex interactions. No demographic
variables were selected by the random forest algorithm.
Still, to not overlook demographic variables that could
have driven the clustering, we compared these between

the clusters, particularly of the MARS discovery sample,
finding no relevant differences (Supplementary Table S7).

Supplementary Table S8 summarizes significant pre-
dictors of the three extended models. In brief, model 1,
compared to model 0, was characterized by prioritizing
three baseline HAM-D single items; model 2 identified, as
expected, early partial response as a strong predictor,
along with minor other shifts; model 3 produced a com-
bined pattern with baseline HAM-D single items, early
partial response, and current psychotic symptoms as
additional predictors over model 0.

Discussion

We employed model-based non-linear clustering®®*’ on
symptom courses of 834 in-patients treated for MDD and
identified seven TRCs. These classes were already distinct
at the visual level and ranged from fast, unambiguous
response to severe treatment resistance. The average
HAM-D decrease differed strongly between classes, and
classes were strongly associated with established response
markers, highlighting that they represent clinically
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Table 2 Prediction characteristics of model 0 and the extended models 1-3

Model Sample Explained variance Overall model significance Significance of the R? difference (p-value)®

(Adjusted R?*)?

Individual Cluster-derived Individual Cluster-derived
Model 0 All 0.08 0.13 217x107 153x107 0019
Model 0 Discovery 008 0.12 376x 1078 154x107%* 0.106
Model 0 Validation  0.06 0.19 871x107° 1.72x107 " 0.009
Model 1 Al 0.08 0.13 435x107%2  149%x 10" 0025
Model 1 Discovery 008 0.12 130x107"7  206x 1072 0.097
Model 1 Validation ~ 0.10 0.20 735x107 409x 10" 0.047
Model 2 All 0.13 0.20 152x107*  342x10°> 0.008
Model 2 Discovery  0.14 021 678x107°°  843x107* 0.026
Model 2 Validation 007 0.20 364%x107° 868x10°" 0.008
Model 3 All 0.13 0.21 295x 107 153x 107 0.004
Model 3 Discovery  0.13 021 242x107%®  171x107% 0012
Model 3 Validation 0.1 021 276x 1077 993x107"° 0.050

2Adjusted R? coefficients indicate the explained variance and p-values indicate the overall model significance.

PBased on Fisher's Z"-transformed r values

meaningful entities. Baseline severity was only weakly
correlated with the response slope over a small HAM-D
range, contradicting the intuitive expectation that a high
initial disease severity is closely coupled to a steep symp-
tom decline. Classification of 236 patients of the MARS
validation sample and 809 patients of the GENDEP vali-
dation sample demonstrated that the patients’ response
dynamics can be captured by these clusters, yet study-
specific differences in the response profiles are also
reflected.

Construct validity of the clustering solution

Similar cluster sizes and shape characteristics emerged
when the discovery sample coefficients were applied to
the validation samples (Fig. 1). The consistency observed
in this validation is superior to previous latent variables
analyses not using machine learning, which did not pro-
duce stable, symptom-based subtypes of depression®. Still,
a major difference that limits the comparability is that the
mentioned analyses (factor analyses, principal component
analyses, latent class analyses) built their grouping on
cross sectional symptom spectrum and not on trajectories
of symptom changes.

Here, we applied a machine learning strategy to identify
MDD subtypes based on longitudinal data collected over
up to 16 weeks. Our results indicate that significant latent
subtypes for MDD indeed exist in the MARS cohort. One
advantage of our approach may have been the identifi-
cation of the best model through the ICL criterion that

appears more robust to the violation of some of the
mixture model assumptions compared with the com-
monly used Bayesian Information Criterion. Therefore,
the use of the ICL may have led to a more optimal choice
for the number of clusters and, accordingly, to a more
sensible data partitioning ***.

Within each model, the use of slopes derived from the
linear mixed model characterizing each TRC led to higher
R? coefficients than the use of individual slopes, particu-
larly in the validation sample (Table 2). This observation
strengthens the validity of the classes and highlights that
the individual information of the HAM-D time courses
was indeed assessed by the clustering algorithm. More-
over, this emphasizes that the average slope of the class is
a good approximation of the response behavior, helping to
denoise individual observations.

Clustering independent patient groups and simulating
reduced observation intervals

To facilitate the translation of our clustering scheme to
other cohorts and to understand the degree of general-
izability of our clustering solution, we analyzed two
aspects:

First, we projected the clustering coefficients to an
independent MARS subsample and found that these
patients were assigned to classes with similarly shaped
group plots and median HAM-D courses as observed for
the discovery sample. The observation that the classes
formed from the MARS validation sample were also
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Multivariate importance p-value
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(0.341)
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pisode; scl_uncert: uncertainty in social contact (SCL-90R); scl_psy: psychotism (SCL-90R); scl_pho: phobic anxiety (SCL-90R), epg_neu: neuroticism (EPQ-RK), epq_ext: extraversion (EPQ-RK),

epq_psy: psychoticism (EPQ-RK), tpg_ha: harm avoidance total (TPQ), wL-Event: stress-weighted sum of life events. See Table 1 for more details on the clinical items.
PCl: confidence interval. Arrows indicate lower ({), higher (1), or within (0) positioning regarding the 95% Cl of the respective parameter distribution.

“Cohen’s f: >0.10 and <0.25: small effect; =0.25 and <0.40, medium effect; >0.40: large effect.

2index_d: duration of the current e|
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equally proportioned as in the discovery sample con-
firmed that, within the MARS cohort, a stable solution
had been gained. The additional projection onto the
GENDEP sample was also informative: Here, patients
could be captured equally well by the seven TRCs except
for a small proportion of patients that exceeded the lower
boundary of one (discovery) cluster due to volatile courses
between week 4 and ~10. More relevant, however, sig-
nificantly different cluster proportions emerged compared
with MARS. We speculate that the limited options to
intensify treatment in the GENDEP study with defined
treatments—or generally different patient characteristics
—could underlie the proportional shift towards clusters
that represent a slower treatment response. The combi-
nation these two observations led us to conclude that
indeed generalizable response patterns seem to be
described by the seven TRCs. Though, different cluster
stability criteria may lead to different solutions, as for
example pointed out by a longitudinal latent class analysis
that used Bayesian Information Criterion and detected
nine clusters in GENDEP?. Comparability with our
solution, though, is hampered by the use of a different
depression rating scale (Montgomery-Asberg Depression
Rating Scale).

Second, in a simulation, we reduced the observation
interval to probe whether studies with shorter observation
windows could also benefit from the current clustering
solution. We found that a correlation of r = 0.96 was
reached after eight weeks of HAM-D measurements in
the MARS-based samples and r =~ 0.77 in the independent
GENDEP sample (Fig. 2). Of note, the remaining increase
of prediction accuracy between weeks 8 and 12 was
stronger in GENDEP, indicating that observation win-
dows of 8 weeks generally seem sufficient, but that,
expectedly, differences in study characteristics play a role,
rendering more observations advisable. One such differ-
ence that could explain the difference at week 8 might
have been the higher flexibility in the MARS study to
adjust the treatment to the individual patient. Overall, the
generalizability of our clustering solution could be higher
for observational than for controlled studies.

Prediction of TRCs from clinical baseline features

We next investigated the clinical usefulness of the TRCs
by testing whether these can be predicted from clinical
baseline characteristics in a multivariate model (random
forest algorithm)*’. Rather than as a separate study we
conceptualized this analysis as additional clinical valida-
tion of the clusters that primarily represent statistical
constructs. Several machine learning techniques have
before been used to predict treatment outcome in
MDD, yet, their models were directed towards clas-
sical categories of remission, non-remission'®, treatment
resistance'?, or persistence-severity'®. In brief, we found
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that 50 clinical baseline variables, obtained through
interviews, symptom self-reports, and standard physical
or laboratory tests, predicted about 13% of the variance of
the TRCs. While seemingly low, this is actually in the
range of previous multivariate analyses that focused on
the prediction of two outcome categories, reporting low
to medium accuracy values from receiver operating
characteristic analyseslo’n’lg. In contrary to using pre-
defined cutoff thresholds for these categories, clustering
as exemplified here for the HAM-D measure can reveal
more fine-grained, yet still sparse and data-driven classi-
fication systems. Of our clinical predictors, nine carried
significantly more weight than the others: (i) the duration
of the index episode, (ii—iv) symptom checklist-based
scores for psychosocial self-assuredness, psychoticism,
and phobic anxiety, (v—viii) the personality traits neuro-
ticism, extraversion, psychoticism, and harm avoidance,
and, (ix), sum scores for life events (weighted for their
straining impact). Although all items support the overall
prediction, a review of these nine items strengthened the
clinical validity in several ways:

A longer duration of time in depression before initiation
of antidepressant treatment has before been identified as a
negative predictor of treatment outcome®'. In contrary,
no consistent predictive value was found for the total
duration of the current episode including periods with
and without treatment®*>, As the period without treat-
ment was not quantified in our sample, we speculate that
our current episode duration marker incorporated the
untreated period, and significance was gained through the
large statistical power. Furthermore, baseline symptom
profiles made a relevant contribution to the model. Sev-
eral reports emphasized that strong anxiety symptoms
during a depressive episode increase the risk for non-
remission®®, Of the predictive symptom items (phobic
anxiety, psychosocial self-assuredness, and psychoticism)
at least two reflect aspects of anxiety, corroborating that
high anxiety levels in MDD impede treatment response.
Of note, in an analysis on a MARS subsample, patients
with high anxiety levels showed structural brain differ-
ences in areas involved in the processing of social cues®?,
critically overlapping with areas that predict treatment
response over six weeks *°.

While the symptom checklist covers state-related items,
personality questionnaires target more stable character-
istics of a person. Here, harm avoidance and neuroticism
—which both represent similar concepts of developing
feelings of anxiety and avoidance behavior in the face of
challenges—were confirmed as predictors. Such an asso-
ciation has been reported before®””®, which constitutes an
indirect validation of the TRCs. Extraversion has so far
mainly been found to protect against developing clinical
symptoms in the face of chronic stress®”. We report a
clearer direct impact on treatment response, a finding
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possibly facilitated by the random forest approach that
integrates multiple interaction effects. Eventually, weigh-
ted life events emerged as a negative predictor, as repor-
ted®®®!, Life events, particularly early adverse events,
represent episodes of prolonged adaptation, stress, and
liability that increase the risk for MDD, but that also
influence recovery chances®' —>>°*%, Information on early
childhood adversity was only available in a subsample
(=35%), disqualifying it for the full model. We speculate
that the inclusion of additional details on the type and
timing of life events could improve the model.

In an earlier representative MARS sample®’, previous
treatment resistance—usually defined by at least two
unsuccessful trials with different antidepressants in ade-
quate dosages for at least six weeks®*—has been identified
as a strong univariate predictor of non-remission. In this
study, treatment resistance was encoded by the Anti-
depressant Treatment Response Questionnaire (ATRQ)
that showed no significant importance p-value (yet a
significant univariate association [data not shown]).
Results based on the ATRQ may differ because this
measure tends to underreport failed trials®®. Similarly, the
BM]I, previously reported to be associated with remission
rates® and treatment response“’, was not associated with
the TRCs in our study. One explanation is the use of a
binary cutoff (25 kg/m?) in the positive report®®, which
may point to a non-linear relationship. Of note, the
number of previous depressive episodes—a lifetime dis-
ease burden marker—did not emerge as a predictor,
confirming other negative reports®®. Similarly, age at
onset (AAO), which is often inversely correlated with the
number of episodes, was not predictive. Concerning this
marker, reports are mixed, some finding no correla-
tion®”® and some reporting an influence on remission
speed® or treatment resistance’’. Hidden interactions of
AAO with subgroups (as reported for comorbid alcohol
dependency)”! or non-linear relationships may explain
this variability. Baseline cortisol as a simple HPA axis
marker was also not predictive; stimulation tests, parti-
cularly when obtained longitudinally, are most likely more
sensitive’”, TRCs also differed by the type of psycho-
pharmacological treatment (Supplementary Table S2),
yet, due to the observational study design, this likely
reflects either disease acuity (anxiolytic medication),
treatment escalation following non-response (e.g., tri-
cyclic antidepressants), or episode severity (antipsychotic
medication for psychotic depression). Similar confound-
ing co-correlations between medication variables and
disease severity have been reported for biological markers,
e.g., in meta-analyses of brain structure ’>"%,

We explored two different strategies for improving our
base model 0 (Table 1), by either adding single baseline
HAM-D items or by adding information on the partial
early response after 2 weeks. Interestingly, the inclusion of
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single baseline HAM-D items did not improve the model
(Table 2), possibly because the current symptomatology
was already reflected in the symptom checklist items. This
does not imply that primary clustering of single item
trajectories would not result in additional clusters. While
representing an important follow-up question and adding
clinical elaborateness, this conceptual modification would
increase the number of observations per case and could
lead to model instability. Eventually, including the partial
early response increased the model fit markedly, con-
firming similar reports from both observational and
controlled studies'>'®*¥7°9623 " Notably, personality
items were among the strongest predictors in all models
(Table 3).

Limitations

Our study has several limitations. First, due to a
necessary tradeoff between higher statistical power
through a large sample size and the use of powerful,
specific single predictors, clinical variables like neuro-
cognitive results, complex endocrine tests, or neuroima-
ging markers were not included, despite reports on them
being potentially useful’>”>. Second, while psycho-
pharmacological treatments are well-documented in
MARS, no formalized assessment of previous non-
pharmacological treatments, including psychotherapy,
was available, preventing an inclusion of these factors.
Third, the MARS discovery and validation samples sig-
nificantly differed in six clinical baseline items, which may
explain minor differences of the prediction results.
However, these six items showed no overlap with the
most informative predictors of model 0 or predictors
emerging from the other models.

Conclusions

By employing model-based non-linear clustering to
clinical ratings of a large cohort of MDD patients, we
detected seven distinct treatment response classes that
proved stable in two validation samples. In a multivariate
prediction analysis, these classes could be predicted from
50 clinical baseline variables, with personality items, life
events, duration of the episode, and psychopathological
baseline characteristics carrying particular weight. Over-
all, the construct and clinical validity of these treatment
response classes in MDD encourages an exploration of
their neurobiological underpinnings and, more generally,
effectively describes response patterns across multiple
clinical cohorts.

Acknowledgements

We are grateful to all patients for their participation and thank all clinical raters
and study assistants of the MARS study and the GENDEP study for their
support.

Page 13 of 15

Funding

The MARS project was supported by the German Federal Ministry of Education
and Research (BMBF) through the NGFN and NGFN-Plus programs (FKZ
01GS0481), the Molecular Diagnostics program (FKZ 01ES0811), the Research
Network for Mental Diseases program (FKZ 01EE1401D), by the Bavarian
Ministry of Commerce, and by the Excellence Foundation for the
Advancement of the Max Planck Society. GENDEP was funded by the
European Commission Framework 6 grant (EC Contract Ref.: LSHB-CT-2003-
503428). H. Lundbeck provided nortriptyline and escitalopram for the GENDEP
study. R.P. reports funding by BMBF (Title: IntegraMent: Data integration and
systems modeling in mental disorders), the DFG Munich Cluster for Systems
Neurology (SyNergy) (Title: Core 6) and the Max Planck Institute of Psychiatry,
Munich. TEM.A. reports funding by the BMBF through the Integrated Network
IntegraMent, under the auspices of the eMed Programme (012X1614J). CM.L.
is partly funded by the National Institute for Health Research (NIHR) Biomedical
Research Centre at South London and Maudsley NHS Foundation Trust and
King's College London. CM.L. has received support from RGA UK Services Ltd.
B.M.M. reports funding from the German Research Foundation (DFG MU 1315/
8-2, EXC 1010), the EU (EU ITN MLPM) and the German Federal Ministry of
Education and Research (BMBF, 012X1614J), and is a consultant to HMNC Brain
Health, Munich. M.l reports funding by the German Federal Ministry of
Education and Research (BMBF, FKZ 01EE1401D) and the German Research
Foundation (DFG, GZ 1S196/2-1), and is consultant to HMNC Brain Health,
Munich. P.GS. reports funding by the German Research Foundation (DFG, SA
1358/2-1) and the Max Planck Institute of Psychiatry, Munich.

Author details

'Max Planck Institute of Psychiatry, Munich, Germany. “Department of
Neurology, Klinikum Rechts der Isar, School of Medicine, Technical University of
Munich, Munich, Germany. *Social, Genetic and Developmental Psychiatry
Centre, Institute of Psychiatry, Psychology, and Neuroscience, King's College
London, London, United Kingdom. “Department of Medical and Molecular
Genetics, Faculty of Life Sciences and Medicine, King's College London,
London, United Kingdom. *Department of Pathology and Department of
Psychiatry, Dalhousie University, Halifax, NS, Canada. ®Munich Cluster of
Systems Biology, SyNergy, Germany. Institute of Translational Medicine,
University of Liverpool, Liverpool, UK

Conflict of interest
The authors declare that they have no conflicts of interest.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Supplementary Information accompanies this paper at (https://doi.org/
10.1038/541398-019-0524-4).

Received: 29 November 2018 Revised: 16 June 2019 Accepted: 7 July 2019
Published online: 05 August 2019

References

1. American Psychiatric Association. Diagnostic and statistical manual of mental
disorders: DSM-5. 5th ed. American Psychiatric Association, Washington, D.C,
2013.

2. Rush, A. J. The varied clinical presentations of major depressive disorder. J. Clin.
Psychiatry 68(Suppl 8), 4-10 (2007).

3. van Loo, HM, de Jonge, P, Romeijn, J-W, Kessler, RC, Schoevers, RA. Data-
driven subtypes of major depressive disorder: a systematic review. BMC Med.
https//doiorg/10.1186/1741-7015-10-156 (2012).

4. Leyro, T. M, Zvolensky, M. J. & Bernstein, A. Distress tolerance and psycho-
pathological symptoms and disorders: a review of the empirical literature
among adults. Psychol. Bull. 136, 576-600 (2010).

5. Nelson, B, McGorry, P. D, Wichers, M, Wigman, J. T. W. & Hartmann, J. A,
Moving from static to dynamic models of the onset of mental disorder: a
review. JAMA Psychiatry 74, 528 (2017).


https://doi.org/10.1038/s41398-019-0524-4
https://doi.org/10.1038/s41398-019-0524-4
https://doi.org/10.1186/1741-7015-10-156

Paul et al. Translational Psychiatry (2019)9:187

23.

24.

25.

26.

27.

28.

McEwen, BS. Neurobiological and systemic effects of chronic stress. Chronic
Stress (Thousand Oaks) 1, https.//www.ncbinlm.nih.gov/pubmed/28856337
(2017).

Wardenaar, K J, Monden, R, Conradi, H. J. & de Jonge, P. Symptom-specific
course trajectories and their determinants in primary care patients with Major
Depressive Disorder: evidence for two etiologically distinct prototypes. J. Affect
Disord. 179, 38-46 (2015).

Buhler, J, Seemdller, F. & Lage, D. The predictive power of subgroups: an
empirical approach to identify depressive symptom patterns that predict
response to treatment. J. Affect Disord. 163, 81-87 (2014).

Fava, M. et al. Clinical correlates and symptom patterns of anxious depression
among patients with major depressive disorder in STAR*D. Psychol. Med. 34,
1299-1308 (2004).

Chekroud, A. M. et al. Cross-trial prediction of treatment outcome in
depression: a machine learning approach. Lancet Psychiatry 3, 243-250 (2016).
Gili, M. et al. Clinical patterns and treatment outcome in patients with mel-
ancholic, atypical and non-melancholic depressions. PLoS ONE 7, e48200
(2012).

Nie, Z, Vairavan, S, Narayan, V. A, Ye, J. & Li, Q. S. Predictive modeling of
treatment resistant depression using data from STAR*D and an independent
clinical study. PLoS ONE 13, e0197268 (2018).

Wardenaar, K J. et al. The effects of co-morbidity in defining major depression
subtypes associated with long-term course and severity. Psychol. Med. 44,
3289-3302 (2014).

Verhoeven, F. E. A, Wardenaar, K. J, Ruhé, H. G. E, Conradi, H. J. & de Jonge, P.
Seeing the signs: using the course of residual depressive symptomatology to
predict patterns of relapse and recurrence of major depressive disorder.
Depress Anxiety 35, 148-159 (2018).

Habert, J. et al. Functional recovery in major depressive disorder: focus on early
optimized treatment. Prim. Care Companion CNS Disord. https//doi.org/
104088/PCC.15r01926 (2016).

Szegedi, A. et al. Early improvement under mirtazapine and paroxetine pre-
dicts later stable response and remission with high sensitivity in patients with
major depression. J. Clin. Psychiatry 64, 413-420 (2003).

Nierenberg, A. A. et al. Residual symptoms after remission of major depressive
disorder with citalopram and risk of relapse: a STAR*D report. Psychol. Med. 40,
41 (2010).

Pecifia, M. et al. Striatal dopamine D2/3 receptor-mediated neurotransmission
in major depression: implications for anhedonia, anxiety and treatment
response. Eur. Neuropsychopharmacol. 27, 977-986 (2017).

Xu, D. & Tian, Y. A comprehensive survey of clustering algorithms. Ann. Data
Sci. 2, 165-193 (2015).

Rhoades H. The Hamilton Depression Scale: factor scoring and profile classi-
fication. Psychopharmacol. Bull 19, 91-96 (1983).

Maier, W. Dimensions of the Hamilton-Depression-Scale (HAMD), a factor
analytical study. Eur. Arch. Psychiatry Neurol. Sci. 234, 417-422 (1985).
Monden, R, Wardenaar, K J, Stegeman, A, Conradi, H. J. & de Jonge, P.
Simultaneous decomposition of depression heterogeneity on the person-,
symptom- and time-level: the use of three-mode principal component ana-
lysis. PLoS ONE 10, e0132765 (2015).

Hybels, C. F, Blazer, D. G, Pieper, C. F, Landerman, L. R. & Steffens, D. C. Profiles
of depressive symptoms in older adults diagnosed with major depression:
latent cluster analysis. Am. J. Geriatr. Psychiatry J. Am. Assoc. Geriatr. Psychiatry
17, 387-396 (2009).

Cotrena, C, Damiani Branco, L, Ponsoni, A, Milman Shansis, F. & Paz Fonseca,
R. Neuropsychological clustering in bipolar and major depressive disorder. J.
Int Neuropsychol. Soc. 23, 584-593 (2017).

Zeng, L-L, Shen, H, Liu, L. & Hu, D. Unsupervised classification of major
depression using functional connectivity MRI: unsupervised Classification of
Depression. Hum. Brain Mapp. 35, 1630-1641 (2014).

Kelley, M. E. et al. Response rate profiles for major depressive disorder: char-
acterizing early response and longitudinal nonresponse. Depress Anxiety 35,
992-1000 (2018).

Uher, R. et al. Early and delayed onset of response to antidepressants in
individual trajectories of change during treatment of major depression: a
secondary analysis of data from the genome-based therapeutic drugs for
depression (GENDEP) study. J. Clin. Psychiatry 72, 1478-1484 (2011).
Hartmann, A, von Wietersheim, J, Weiss, H. & Zeeck, A. Patterns of symptom
change in major depression: classification and clustering of long term courses.
Psychiatry Res. 267, 480-489 (2018).

29.

30.

31

32.

33.

34.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

52.

53.

54.

Page 14 of 15

Hennings, J. M. et al. Clinical characteristics and treatment outcome in a
representative sample of depressed inpatients - findings from the Munich
Antidepressant Response Signature (MARS) project. J. Psychiatr. Res. 43,
215-229 (2009).

Uher, R et al. Differential efficacy of escitalopram and nortriptyline on
dimensional measures of depression. Br. J. Psychiatry 194, 252-259 (2009).
Zimmerman, M, Chelminski, I. & Posternak, M. A review of studies of the
Hamilton depression rating scale in healthy controls: implications for the
definition of remission in treatment studies of depression. J. Nerv. Ment. Dis.
192, 595-601 (2004).

Dilling H, Weltgesundheitsorganisation (eds). Internationale Klassifikation psy-
chischer Stérungen: ICD-10 Kapitel V (F); klinisch-diagnostische Leitlinien. 6, vollst.
tberarb. Aufl. unter Berticksichtigung der Anderungen entsprechend ICD-10-
GM 2004/2008. Huber, Bern, 2008.

Uher, R. et al. Genome-wide pharmacogenetics of antidepressant response in
the GENDEP project. Am. J. Psychiatry 167, 555-564 (2010).

Wing JK, Sartorius N, Ustin TB. Diagnosis and clinical measurement in psy-
chiatry: a reference for SCAN. Cambridge University Press, Cambridge, 2006.
Uher, R. et al. Measuring depression: comparison and integration of three
scales in the GENDEP study. Psychol Med. https//doiorg/10.1017/
50033291707001730 (2008).

Uher, R. et al. An inflammatory biomarker as a differential predictor of out-
come of depression treatment with escitalopram and nortriptyline. Am. J.
Psychiatry 171, 1278-1286 (2014).

Powell, T. R. et al. DNA methylation in interleukin-11 predicts clinical response
to antidepressants in GENDEP. Transl. Psychiatry 3, e300-e300 (2013).

Leisch F. FlexMix: A General Framework for Finite Mixture Models and Latent
Class Regression in R. J. Stat. Softw. https.//doi.org/10.18637/jssv011.08 (2004).
Griin B, Leisch F. FlexMix Version 2: Finite mixtures with concomitant variables
and varying and constant parameters. J. Stat. Softw. https.//doi.org/10.18637/
jssv028.04 (2008).

Wright MN, Ziegler A. ranger: A Fast Implementation of Random Forests for
High Dimensional Data in C4+ and R. J. Stat. Softw. https//doi.org/10.18637/
jssv077.i01 (2017).

Derogatis LR. SCL-90-R, administration, scoring & procedures manual-I for the R
(evised) version. Baltimore, MD: Johns Hopkins University, School of Medicine.
Johns Hopkins University, School of Medicine, Baltimore, 1977.

Eysenck, S. B. G, Eysenck, H. J. & Barrett, P. A revised version of the psycho-
ticism scale. Pers. Individ Differ. 6, 21-29 (1985).

Cloninger, C. R. A systematic method for clinical description and classification
of personality variants: a proposal. Arch. Gen. Psychiatry 44, 573 (1987).
Breiman L. Random forests. Mach. Learn. 45: 5-32 (2001).

Altmann, A, Tolosi, L, Sander, O. & Lengauer, T. Permutation importance: a
corrected feature importance measure. Bioinformatics 26, 1340-1347 (2010).
Biernacki, C, Celeux, G. & Govaert, G. Assessing a mixture model for clustering
with the integrated completed likelihood. IEEE Trans. Pattern Anal. Mach. Intell.
22, 719-725 (2000).

Baudry, J-P. Estimation and model selection for model-based clustering with
the conditional classification likelihood. Electron J. Stat. 9, 1041-1077 (2015).
Kudlow, P. A, Cha, D. S. & McLntyre, R. S. Predicting treatment response in
major depressive disorder: the impact of early symptomatic improvement.
Can. J. Psychiatry 57, 782-788 (2012).

Mclntyre, R. S. et al. Early symptom improvement as a predictor of response to
extended release quetiapine in major depressive disorder. J. Clin. Psycho-
pharmacol. 35, 706-710 (2015).

Henkel, V. et al. Does early improvement triggered by antidepressants predict
response/remission?—Analysis of data from a naturalistic study on a large
sample of inpatients with major depression. J. Affect Disord. 115, 439-449
(2009).

Hung, C-I, Liu, C-Y. & Yang, C-H. Untreated duration predicted the severity of
depression at the two-year follow-up point. PLoS ONE 12, e0185119 (2017).
Gilmer, W. S. et al. Does the duration of index episode affect the treatment
outcome of major depressive disorder? A STAR*D report. J. Clin. Psychiatry 69,
1246-1256 (2008).

Sung, S. C. et al. The impact of chronic depression on acute and long-term
outcomes in a randomized trial comparing selective serotonin reuptake
inhibitor monotherapy versus each of 2 different antidepressant medication
combinations. J. Clin. Psychiatry 73, 967-976 (2012).

Otte, C. Incomplete remission in depression: role of psychiatric and somatic
comorbidity. Dialog-. Clin. Neurosci. 10, 453-460 (2008).


https://www.ncbi.nlm.nih.gov/pubmed/28856337
https://doi.org/10.4088/PCC.15r01926
https://doi.org/10.4088/PCC.15r01926
https://doi.org/10.1017/S0033291707001730
https://doi.org/10.1017/S0033291707001730
https://doi.org/10.18637/jss.v011.i08
https://doi.org/10.18637/jss.v028.i04
https://doi.org/10.18637/jss.v028.i04
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.18637/jss.v077.i01

Paul et al. Translational Psychiatry (2019)9:187

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

Inkster, B. et al. Structural brain changes in patients with recurrent major
depressive disorder presenting with anxiety symptoms. J. Neuroimaging 21,
375-382 (2011).

Samann, P. G. et al. Prediction of antidepressant treatment response from gray
matter volume across diagnostic categories. Eur. Neuropsychopharmacol. 23,
1503-1515 (2013).

Quilty, L. C, Meusel, L-A. C. & Bagby, R. M. Neuroticism as a mediator of
treatment response to SSRIs in major depressive disorder. J. Affect Disord. 111,
67-73 (2008).

Katon, W, Unditzer, J. & Russo, J. Major depression: the importance of clinical
characteristics and treatment response to prognosis. Depress Anxiety 27, 19-26
(2010).

Uliaszek, A. A. et al. The role of neuroticism and extraversion in the
stress—anxiety and stress—depression relationships. Anxiety Stress Coping 23,
363-381 (2010).

Bulmash, E, Harkness, K. L, Stewart, J. G. & Bagby, R. M. Personality, stressful life
events, and treatment response in major depression. J. Consult Clin. Psychol.
77, 1067-1077 (2009).

Mazure, C. M. Adverse life events and cognitive-personality characteristics in
the prediction of major depression and antidepressant response. Am. J. Psy-
chiatry 157, 896-903 (2000).

van Calker et al. Time course of response to antidepressants: predictive value
of early improvement and effect of additional psychotherapy. J. Affect Disord.
114, 243-253 (2009).

Joel, I. et al. Dynamic prediction of treatment response in late-life depression.
Am. J. Geriatr. Psychiatry 22, 167-176 (2014).

Souery, D. et al. Treatment resistant depression: methodological overview and
operational criteria. Eur. Neuropsychopharmacol. J. Eur. Coll. Neuropsycho-
pharmacol. 9, 83-91 (1999).

Chandler, G. M, losifescu, D. V., Pollack, M. H, Targum, S. D. & Fava, M.
RESEARCH: Validation of the Massachusetts General Hospital Antidepressant

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Page 15 of 15

Treatment History Questionnaire (ATRQ): Validation of the MGH ATRQ. CNS
Neurosci. Ther. 16, 322-325 (2010).

Kloiber, S. et al. Overweight and obesity affect treatment response in major
depression. Biol. Psychiatry 62, 321-326 (2007).

Reynolds, C. F. et al. Effects of age at onset of first lifetime episode of recurrent
major depression on treatment response and illness course in elderly patients.
Am. J. Psychiatry 155, 795-799 (1998).

Zisook, S. et al. Effect of age at onset on the course of major depressive
disorder. Am. J. Psychiatry 164, 15391546 (2007).

Park, S-C. et al. Does age at onset of first major depressive episode indicate
the subtype of major depressive disorder?: The clinical research center for
depression study. Yonsei Med J. 55, 1712 (2014).

Kloiber, S. et al. Clinical risk factors for weight gain during psychopharmaco-
logic treatment of depression: results from 2 large German observational
studies. J. Clin. Psychiatry 76, e802-e808 (2015).

Muhonen, L. H, Lonngvist, J, Lahti, J. & Alho, H. Age at onset of first depressive
episode as a predictor for escitalopram treatment of major depression
comorbid with alcohol dependence. Psychiatry Res. 167, 115-122 (2009).
Ising, M. et al. Combined dexamethasone/corticotropin releasing hormone
test predicts treatment response in major depression-a potential biomarker?
Biol. Psychiatry 62, 47-54 (2007).

Schmaal, L. et al. Cortical abnormalities in adults and adolescents with major
depression based on brain scans from 20 cohorts worldwide in the ENIGMA
Major Depressive Disorder Working Group. Mol. Psychiatry 22, 900-909
(2017).

Renterfa, M. E. et al. Subcortical brain structure and suicidal behaviour in major
depressive disorder: a meta-analysis from the ENIGMA-MDD working group.
Transl. Psychiatry 7, €1116 (2017).

Zobel, A W. et al. Cortisol response in the combined dexamethasone/CRH test
as predictor of relapse in patients with remitted depression. a prospective
study. J. Psychiatr. Res. 35, 83-94 (2001).



	Treatment response classes in major depressive disorder identified by model-based clustering and validated by clinical prediction models
	Introduction
	Methods and materials
	General study samples characterization
	Clustering algorithm
	Multivariate prediction analyses
	Clinical predictors
	Random forest-based prediction models


	Results
	Clustering of HAM-D time courses
	Predicting TRCs from clinical characteristics

	Discussion
	Construct validity of the clustering solution
	Clustering independent patient groups and simulating reduced observation intervals
	Prediction of TRCs from clinical baseline features
	Limitations

	Conclusions
	ACKNOWLEDGMENTS




