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ABSTRACT A Ithough major depressive disorder (MDD) results
Objective: Despite a broad arsenal of antidepressants, about a third in 3.0% to 3.8% of global disability-adjusted life
of patients suffering from major depressive disorder (MDD) do not years, clinicians still rely on a limited repertory of
respond sufficiently to adequate treatment. Using the data pool of the antidepressants."> About 30% of patients treated with

Group for the Study of Resistant Depression and machine learning, we
intended to draw new insights featuring 48 clinical, sociodemographic,
and psychosocial predictors for treatment outcome.

these agents do not respond to the first administered
antidepressant, and about 15% of patients show hardly
any or no relief even after administration of multiple
antidepressants.>* Therefore, clinicians and scientists
have put much effort into developing potent strategies

Method: Patients were enrolled starting from January 2000 and
diagnosed according to DSM-IV. Treatment-resistant depression
(TRD) was defined by a 17-item Hamilton Depression Rating Scale

(HDRS) score > 17 after at least 2 antidepressant trials of adequate for treatment-resistant depression (TRD).”

dosage and length. Remission was defined by an HDRS score <8. Since the first scientific description of TRD, a broad
Stepwise predictor reduction using randomForest was performed discussion about criteria and staging systems has arisen,
to find the optimal number for classification of treatment outcome. however, without resulting in a general definition.®~8

After importance values were generated, prediction for remission and
resistance was performed in a training sample of 400 patients. For
prediction, we used a set of 80 patients not featured in the training
sample and computed receiver operating characteristics.

The most common definition of TRD is characterized
by failure to achieve a reduction of at least 50% from
baseline on a recognized rating scale for MDD after
application of at least 2 antidepressant treatment trials

Results: The most useful predictors for treatment outcome were
of adequate dosage and duration.”!® Alternatively,

the timespan between first and last depressive episode, age at first

antidepressant treatment, response to first antidepressant treatment, a score on a recognized rating scale, such as the
severity, suicidality, melancholia, number of lifetime depressive 17-item Hamilton Depression Rating Scale (HDRS),
episodes, patients’admittance type, education, occupation, and that indicates the presence of moderate depressive
comorbid diabetes, panic, and thyroid disorder. While single predictors symptoms after an adequate treatment period can also

could not reach a prediction accuracy much different from random
guessing, by combining all predictors, we could detect resistance
with an accuracy of 0.737 and remission with an accuracy of 0.850.
Consequently, 65.5% of predictions for TRD and 77.7% for remission

be used to characterize TRD.
Opver the last decade, the findings of the Group for the
Study of Resistant Depression (GSRD), a multinational

can be expected to be accurate. European research consortium, have consistently
Conclusions: Using machine learning algorithms, we could pointed toward strong effects of clinical variables
demonstrate success rates of 0.737 for predicting TRD and 0.850 for on treatment outcome in TRD.'* However, when
predicting remission, surpassing predictive capabilities of clinicians. considered separately, predictors usually showed odds
Our results strengthen data mining and suggest the benefit of focus ratios (ORs) around 1.5 and, thus, were not applicable
on interaction-based statistics. Considering that all predictors can for detecting patients at high risk of resistance.1>16

easily be obtained in a clinical setting, we hope that our model can be
tested by other research groups.
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In light of an incremental augmentation of gathered
data and accelerating capabilities of processing these
data, interaction-based models combining predictors
as suggested by recent reviews seem, for the first time,
increasingly viable.!”-?! As few studies featuring a large
set of clinical variables have been conducted in MDD,
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B Although single clinical predictors have repeatedly been
associated with treatment-resistant depression (TRD),
they have not proven sufficient for predicting treatment
outcome. Thus, attention shifted to interaction-based
models, but only a few multivariate investigations have
been performed in TRD so far. In this investigation,
we focused on evaluating the influence of a variety
of sociodemographic and clinical factors, adopting a
machine learning algorithm for prediction of treatment
outcome in major depressive disorder.

B Qur results suggest that suicidality, early age at onset,
and age at first treatment with an antidepressant as
well as inpatient status and poor response to the first
antidepressant ever administered increase the risk for TRD
and lower the chance of remission. While melancholia
and panic disorder increase risk for treatment-resistant
depression, favorable occupation status and comorbid
diabetes and thyroid disorder affect remission.

B Exploiting a machine learning algorithm, we established a
multivariate model featuring 48 clinical predictors in 400
patients that we tested in a new sample of 80 patients. We
scored an accuracy of 73.7% for resistance and 85.0% for
remission. Reaching a probability of 65.5% for a correct
prediction for TRD and 77.7% for remission exceeded the
predictive capabilities of clinicians.

patients recruited in the international referral centers of our
group starting from January 2000. The study was approved by
the ethics committees of all participating centers.

For a detailed description, please see Souery et al.'®> All
subjects had to be diagnosed with MDD according to DSM-IV
criteria and were recruited after giving informed consent. A
modified version of the MINI-International Neuropsychiatric
Interview (MINI), version 5.0.0, and the HDRS were applied
for diagnosis of MDD and comorbidities and assessment of
symptom severity.!!> MDD had to be the primary diagnosis,
and patients with MDD only as a secondary diagnosis to any
nonaffective psychiatric disease were excluded.

Of the 1,224 patients eligible from the GSRD sample, 480
patients showed full data availability for all 48 variables and
were included in our investigation. Of these, 183 patients
were resistant, 157 reached an HDRS score between 8 and 16,
and 140 achieved remission (HDRS <7). See Supplementary
eFigure 1.

Comparison of the patients that<ould not be enrolled
in this study with the 480 subjects included in our analysis
showed no significant differences regarding ethnicity, age,
and gender, while HDRS scores were slightly lower in the
excluded sample. A summary of baseline characteristics
of both samples can be found in Supplementary eTable 1.

Treatment Outcome Phenotypes

We focused on 2 treatment outcome phenotypes,
remission and resistance.

A score of more than 16 on the 17-item HDRS after
application of at least 2 adequate antidepressant trials was
regarded as resistance and was compared to nonresistance,
which applied to patients who had an HDRS score < 16 after
1 or 2 adequate treatment trials.

Remission was defined by an HDRS score <7 and was
compared to nonremission, which was characterized by an
HDRS >7.

Predictors

Predictors with more than 30% missing values as well
as redundant predictors were excluded. The resulting
48 featured predictors are based on items of the MINI
psychiatric interview. For a list of all predictors, see Table 1.

In more detail, the sociodemographic predictors of
gender, age, and ethnicity were included. As more than
98% of the collective was white, ethnicity was regarded
as a binomial predictor. Additionally, we analyzed the
psychosocial predictors marital status (single, in a
relationship, married, divorced, or widowed), education
(no legal school, legal school, secondary inferior or
superior, or university), occupation (high, medium,
low, or other), and number of children. Occupation was
stratified by income and social status. Higher executives,
business managers, proprietors of large and medium
concerns, or major professionals were coded as “high,”
and administrative personnel, owners of small businesses,
minor professionals, clerical and sales workers, technicians,
skilled manual employees, and farmers owning significant
property were coded as “medium.” Machine operators,
semiskilled or unskilled employees, and tenant farmers
were coded as “low;” while students, stockholders, invalid,
and unemployed workers were coded as “other”

Table 1. List of All 48 Predictors Featured in the Analysis Ordered by Groups®

Predictor Type Predictors

Sociodemographic predictors (no.=7)
History of MDD (no.=12)

Age, gender, ethnicity, occupation, education, marital status, number of children
MDD first-degree relatives, MDD second-degree relatives, BD first-degree relatives, BD second-degree relatives,

number of relatives MDD, number of relatives BD, number of MDEs, age at first AD, response to first AD,
timespan between first and last MDE, subsyndromal bipolarity, psychotic features lifetime

Axis Il comorbidity (no.=13)

GAD, social phobia, OCD, PTSD, panic disorder, agoraphobia, smoking, alcohol abuse, alcohol addiction, drug

abuse, drug addiction, history of drug abuse, any substance use

Axis Il comorbidity (no.=2)
Clinical features (no.=12)

Diabetes, thyroid disorder

Severity, suicidality, psychotic features currently, change of appetite, change of sleep, feelings of guilt, impaired

decision-making, fatigue, social dysfunction, unrest, melancholia, autoaggressive thoughts

Other predictors (no.=2)

Inpatient or outpatient, psychotherapy

2For details, see Supplementary eTable 1.

Abbreviations: AD =antidepressant, BD =bipolar disorder, GAD = generalized anxiety disorder, MDD =major depressive disorder, MDE = major depressive
episode, OCD =obsessive-compulsive disorder, PTSD = posttraumatic stress disorder.
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Furthermores“age at first ‘lantidepressant freatment as
well as response to first antidepressant treatment, timespan
between first and last depressive episode, number of
depressive episodes, a family history of MDD and bipolar
disorder (accounting for total number of affected relatives
as well as any first-degree and second-degree relatives,
respectively) were also considered. Based on items of the
MINTI psychiatric interview, the clinical symptoms of the
current episode, namely fatigue (MINI A5d), appetite
change (MINI A5a), sleep impairment (MINI A5b), unrest
(MINT A5c), social dysfunctioning (MINI 6A), impaired
decision-making (MINI A5f), feelings of guilt (MINT A5e),
and autoaggressive thoughts (MINI A5g) were analyzed as
well. Lifetime and current psychotic features, melancholia,
suicidality, and severity (defined by an abundance of
symptoms at the worst stage of the current episode and coded
as moderate, severe, and severe with psychosis) were featured,
too. Subsyndromal bipolarity was based on MINI items D1a
and D2a and indicates that the patients experienced a period
of feeling up or full of energy and of higher irritability during
their lifetime without fulfilling criteria for the diagnosis of
a bipolar disorder. Comorbidities such as panic disorder,
generalized anxiety disorder, social phobia, agoraphobia, and
posttraumatic stress disorder and substance use disorders
such as smoking, substance use in general, and a history
of substance use and alcohol or drug abuse or dependency
were included. The somatic comorbidities of diabetes and
thyroid disorders and psychotherapy as well as inpatient or
outpatient status were also considered. See Supplementary
eTable 2 for a detailed characterization of all predictors.

Statistical Analysis

We used the randomForest package for R software
for our investigation (cran.r-project.org/), a machine
learning algorithm designed for determining the most
useful predictors for a dichotomous outcome parameter.??
Specifically, randomForest calculates variable importance
by mean decrease in Gini (MDG). MDG is computed using
out-of-bag samples of rearranged values for the variables.
According to the zero-hypothesis, rearrangement of
nonsignificant variables should not decrease Gini values.
Thus, MDG values are based on a permutation test and
express the contribution of each variable to the homogeneity
of the nodes and branches of the classification trees, ranging
from 0 (homogeneity) to 1 (heterogeneity). The changes in
Gini are summed up and normalized for all nodes split up
by a specific predictor. Thus, higher MDG, meaning a higher
purity of resulting nodes compared to original nodes, is an
indicator for the importance of a predictor.

Because randomForest uses random starting values
for growing trees, multiple runs with different randomly
generated seeds were performed. Per run, the number of trees
to grow was set to 1,000 in order to ensure that every input
row gets predicted a few times (ntree =1,000). The number of
variables randomly sampled as candidates at each split (mtry)
was set at 7 following the established rule of using the square
root of the number of variables x (x=48, mtry=6,928).

New Prediction Model for Treatment-Resistant Depression

Unfortunately, there is no established power calculation
for randomForest. However, this algorithm has been shown
to function with high reliability even with the number of
predictors reaching the number of observations, providing
sufficient patient counts and no missing data.!*?2*

Since randomForest requires a test sample independent
from the training sample, we randomly assigned patients
to one of the samples on a quota of 1 to 5. Therefore, 400
patients ended up in the training sample, and 80 patients
were allocated to the test sample.

First, a 10-fold cross-validated stepwise factor reduction
was applied to the training sample, repeating the prediction
for remission and resistance while gradually excluding the
least important variables. Subsequently, variable importance
was calculated. Finally, we tried the models established in
the training sample in a test sample comprising 80 untapped
patients and computed prediction accuracy for treatment
outcome. Results were also portrayed by receiver operating
characteristics (ROC), using the ROCR package for the
R-software (cran.r-project.org/).”

Since previous data suggest interaction effects to be more
impactful on TRD than single factor effects, we intended
to check for differences in interaction-based randomForest
and in traditional approaches as generalized linear model
(GLM) in a secondary analysis.

RESULTS

The 10-fold cross-validated stepwise factor reduction
showed that the accuracy was inclining with the number
of features for predicting resistance as well as remission,
as portrayed in Figure 1. Using all 48 predictors showed
the best result with an accuracy of approximately 72%
for resistance and nonresistance and 77% for remission
and nonremission. In contrast, when only the strongest
predictor was used, the accuracy was at 56% for resistance
and 60% for remission.

Average importance values for the highest scoring
predictors for remission and resistance respectively are
portrayed in Figure 2. Timespan between the first and
last major depressive episode (MDE), age at and response
to first antidepressant, suicide risk, number of lifetime
depressive episodes, inpatient or outpatient status,
education, and comorbid thyroid disorders were among
the most influential predictors regarding both remission
and resistance. While melancholia and comorbid panic
disorder seemed to be more important regarding resistance,
comorbid diabetes and a family history of MDD showed
higher importance for remission. Importance values for all
48 predictors for remission and resistance respectively can
be seen in Supplementary eFigure 2.

Investigating the 15 most important predictors for
remission and resistance with a GLM resulted in significant
association with treatment outcome for suicidality, thyroid
disorder, and panic disorder (P<.0001 for resistance
and remission); inpatient or outpatient status (P=.0029
for resistance, P=.0002 for remission); response to first
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Figure 1. Accuracy of the Prediction Model Increases With the
Number of Predictors?
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2The number of predictors is portrayed on the x-axis, the accuracy on
the y-axis. Prediction was performed several times with 10-fold cross
validation, reducing the number of predictors at each run. Only the
variables scoring the highest in the importance measurement were kept in
the model. The graph indicates that the accuracy of the prediction declines
with lesser numbers of predictors. When all 48 predictors were used, about
72% of predictions for resistance and 75% for remission were correct. When
only 1 predictor was used, the error rate was about 44% for resistance and
40% for remission. Therefore, all 48 predictors were kept in the model.

antidepressant administered lifetime (P =.0029Tor resistance,
P=.0002 for remission); and number of children (P=.0339
for resistance, P=.0016 for remission). Melancholia was
only a significant predictor for resistance (P<.0001), while
occupation status (P=.0029) and diabetes (P=.0029) were
only relevant for remission. See Supplementary eTable 3 for
a summary of the GLM results.

Most importantly, validating the prediction model in
the test sample, we could reach a sensitivity of 0.633 and
specificity of 0.800 for predicting resistance. The accuracy
was at 0.737 using all 48 predictors. The positive predictive
value (PPV) was at 0.655 and the negative predictive value
(NPV) was at 0.784.

Concerning remission, 63.63% of remitters were predicted
correctly, while 93.1% of nonremitters were recognized. The
PPV was at 0.777, and the NPV was at 0.871. The overall
accuracy was at 0.850.

To check whether the model can be further simplified,
we also ran a prediction based on the 35, 25, 15, 10, and
5 most important predictors. Notably, all parameters were
subsequently declining with reduced numbers of predictors.
The ROC for prediction of resistance and remission for all
models are presented in Figure 3; accuracy and PPV are
portrayed in Supplementary eFigure 3. All performance
measures for the models can be found in Table 2. For easier
interpretability, a complete list of these 6 predictor sets
for remission and resistance respectively can be found in
Supplementary eTable 4.

Figure 2. Importance Values for Best Predictors in the randomForest Machine Learning Algorithm for Remission and
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almportance refers to the usefulness of a specific predictor for predicting treatment outcome and is measured in mean decrease in Gini (MDG).
MDG is shown on the y-axis. A higher value indicates more usefulness for classification decisions in the prediction model. The 15 highest ranking
predictors for each, resistance and remission, are listed on the x-axis, starting with the most important predictor and ordered by importance
for resistance. Age at the first antidepressant administered showed the highest MDG and was the most useful predictor to forecast whether
patients will respond to antidepressant therapy or not. For importance measures of all predictors, see Supplementary eFigure 1.

Abbreviations: AD =antidepressant, BD =bipolar disorder, MDD =major depressive disorder, MDE =major depressive episode.
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Figure 3. ReceiverOperating Characteristic (ROC) for Predicting Remission

and Resistance?
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2 on treatment outcome. By adopting the
. machine learning algorithm randomForest,
we succeeded in establishing a multivariate
model based on 48 predictors in 400 patients
that yielded an accuracy of 73.7% for
resistance and 85.0% for remission when
tested in a sample of 80 new patients.

In 2007, Souery et al'® linked 10
clinical predictors to TRD. However, when
investigated separately, these clinical features
were not proven sufficient for prediction of
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treatment outcome, and attention shifted
from single factors to combined models.
Only a few multivariate investigations have
been performed in TRD. Although the GSRD
recently presented a combined genetic and

clinical model, this model did not enable
21,26-29

A

clinically significant prediction quality.
Although previously not associated with
TRD, timespan between firstand last MDE and

5 Predictors

T
0.4

T
0.6

False Positive Rate

age at first administration of an antidepressant
were the most useful predictors in this model.

2The sensitivity is illustrated on the y-axis, the false positive rate on the x-axis. The relation
of true positive (ie, sensitivity) and false positive outcome using all 48 predictors as well as
only the 35, 25, 15, 10, and 5 most important predictors is shown. The diagonal dotted line
indicates a random guess. Therefore, a dot above the diagonal line indicates better than
random results, and the prediction results get better nearing the upper left corner. Prediction
accuracy using all 48 predictors was at 0.737 for resistance and 0.850 for remission. Using
fewer predictors, sensitivity was declining and the false positive rate was inclining.

They are probably linked closely to already
established predictors, namely number of
lifetime depressive episodes, response to the
first antidepressant, and severity, as well as
age in general.'>*° Concerning the number of
depressive episodes, some studies indicated

influence on remission while others could
not demonstrate any effect.!>?!-3% Age has repeatedly been

Table 2. Performance Measures for the Predictions Models?®

associated with TRD and older patients have shown worse

Number of . o treatment outcome in some studies.>*~*® On the basis of our
Predictors  Sensitivity ~Specificity ~ FPR PPV NPV Accuracy . . .
Resistance results, we suggest that age is not a relevant predictor on its
48 0633 0800 0200 0655 0784 0737 own, but is likely to moderate other factors.
35 0.566 0720 0280 0548 0734 0662 Suicidality and panic disorder were important for this
fg 82;2 8‘2‘218 8328 g'ggg 8';;'3 g'g;; model and have repeatedly been associated with TRD in
10 0:533 0:680 0:320 0:500 0:708 0:625 preViOllS studies.15’3° Among Axis IIT Comorbidities, thyI'OId
5 0333 0780 0220 0476 0661 0612 disorder and diabetes proved useful for predicting treatment
Remission ; i i idi i
18 0636 0931 0069 0777 0871 0.850 outcome. in our model. While Axis IFI comorbldlty dld‘not
35 0.545 0.913 0.087 0.705 0.841 0.812 seem to influence treatment outcome in TRD in our previous
25 0.545 0896  0.104 0666 0838  0.800 studies, some results suggest that somatic diseases impact
15 0454 0913 0087 0666 0815 0787 TRD.!®3*3 Thyroid disorder has also been associated
10 0.454 0.862 0.138 0.555 0.806 0.750 . . .
5 0.090 0827 0173 0166 0705 0625 with MDD in a recent study that showed higher rates of

2The most accurate prediction, meaning the highest number of correctly
predicted patients, was achieved using all 48 predictors; accuracy was
declining with 35, 25, 15, 10, and 5 predictors. The same holds true
for the positive and negative predictive value. Using all 48 predictors,
three-quarters of patients predicted to show remission and two-thirds
of patients predicted to resist therapy can be expected to do so. As the
complementary measure to specificity, the false positive rate was rising
with reduced numbers of predictors. When all predictors were used, 20.0%
of patients predicted not to resist therapy were actually resistant, and 6.9%
of patients predicted not to show remission actually did show remission.
Abbreviations: FPR=false positive rate, NPV =negative predictive value,
PPV =positive predictive value.

autoimmune thyroiditis in unipolar and bipolar depressed
patients.*® Interestingly, thyroid disorder and diabetes both
were associated with better treatment outcome in our current
study. Because we did not distinguish between treated and
untreated thyroid disorder and diabetes, our finding might be
due patients receiving adequate treatment for their somatic
comorbidity and subsequently showing better response to
their psychopharmacologic medication as well. On the other
hand, administration of thyroid hormone T; and, to a lesser
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degree, T, has'been suggested as potential augmentation
therapy for TRD.*! As patients with thyroid disorder were
more likely to receive thyroid replacement therapy, this
factor might have facilitated treatment response.

Furthermore, education, marital status, and occupation
were important contributors. All 3 predictors have previously
been associated with treatment outcome in TRD?#42-44 but
mostly showed inconclusive results in our study. Marital
status was the most promising predictor and being married
was suggested to protect from negative treatment outcome.
On the other hand, divorce or being widowed enhanced the
risk of not responding.

As hidden bipolarity has been highlighted as a potential
cause for TRD, we featured subsyndromal bipolarity and
the clinical predictor “unrest” in the prediction model.**
However, both predictors showed low impact on treatment
outcome. Unfortunately, agitation, which was shown to be
a valid indicator for hidden bipolarity, was not recorded for
this data pool.*®

Previous studies on addiction comorbidities, family
history of mood disorders, gender, and ethnicity were
negative.*’~>! All of these predictors also ranked low in our
prediction model. Social phobia and generalized anxiety
disorder, on the other hand, have previously been associated
with TRD3132 but showed low importance for our model.

In summary, our results from the randomForest and
GLM analysis suggest that suicidality, early age at onset, and
first treatment with antidepressant, as well as inpatient status
and poor response to the first administered antidepressant
increase risk for TRD and lower chances of remission.
Additionally, melancholia and panic disorder are risk factors
for TRD, while favorable occupation status and comorbid
diabetes and thyroid disorder seem to increase chances for
remission. The other predictors seem to exert their influence
mainly through interaction effects that cannot be further
specified by randomForest and should be clarified by future
studies.

Nonetheless, our study design also displays some
limitations. Even though randomForest has been
demonstrated to function with a high number of predictors
compared to the observations, we are aware of a risk of false
positive results in this analysis. While we could successfully
test our model in a new sample of 80 patients, this test
sample also derived from the GSRD data pool. Whether our
findings can be reproduced in other patients and whether
they are independent of TRD staging methods will have to
be clarified by future studies. Nevertheless, the fact that the
results of the cross validation performed in the training data
set were similar to the results in the test data set advocates
for our findings.

Additionally, the patients from our collective received
a broad range of antidepressants as well as augmentation
therapy and electroconvulsive treatment, and most of them
were also receiving more than 1 antidepressant.>3432-5
Thus, further stratification by therapeutic agent would not
be useful in this sample, as the subgroups would get too
small.

While” ours is"one of the first’studies” to ‘use new
statistical approaches in TRD, another recent study®’ using
a similar technique in a large STAR*D sample reached a
comparable prediction accuracy of 0.71 using 15 clinical
and sociodemographic predictors and logistic regression.
Interestingly, predictors based on education, marital
status, number of episodes, and severity showed significant
influence on the prediction outcome in both studies, while
other predictors, such as PTSD and ethnicity, were useful
in the prediction model of Perlis®” but showed rather small
effects in our study. Most notably, the results of Perlis®’
suggested that a carefully selected set of predictors shows
superior accuracy, while our results point toward increasing
accuracy with the increasing number of predictors included.

In summary, we created an easily applicable model
obtained from clinical and sociodemographic predictors
offering an accuracy of 73.7% for TRD and 85.0% for
remission. While the strongest predictors alone could not
reach a prediction accuracy much different from random
guessing, the combination of all 48 predictors enabled a
probability of 65.5% for a correct prediction of TRD and
77.7% for remission, exceeding the predictive capabilities of
clinicians. Featuring only the 15 most important predictors
produced an accuracy of 62.5% for resistance and 78.7% for
remission, which is less powerful, but might be of practical
concern, as it is even more easily applicable. Therefore,
we hope that other groups will test our model to enable
implementation of machine learning algorithms in general
practice. By reinforcing interaction-based approaches in
TRD, we hope that this study will increase the awareness for
these easily obtainable 48 predictors, which might become
useful for predicting treatment outcome on an individual
patient level.
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Study Sample (n=480) Excluded Sample

Baseline
Characteristics - (n=317)
Training Sample Test Sample
(n=400) (n=80)

Resistance/Non-Resistance 153 / 247 30/50 114 /203
(n)
% Resistance 38% 37.5% 36%
Remission/Non-Remission 118/282 22/58 92/225
% Remission 29.5% 27.5% 29%
Mean Age (SD) 49.74 (14.49) 49.02 (13.26) 49.64 (13.79)
Sex (% Female) 67.75% 72.5% 69.89%
Ethnicity (% Caucasian) 98% 100% 99%

Supplementary eTable 1. Baseline characteristics of the study sample and the excluded
sample. For the study sample, distinctive characteristics for the training sample (n=400) and the
test sample (n=80) for the machine learning classification algorithm are provided. None of the
three patient samples significantly differed from each other.



Resistance Remission

(n=183) (n=140)
Predictor Type & Levels VS VS
Non-Resistance Non-Remission
(n=297) (n=340))
Sociodemographic Predictors
Age Metric (mean) 49.0/49.9 50.2/49.0
Gender Binomial (female) 125/ 204 92 /237
Ethnicity Binomial (caucasian) 179/ 293 138 /334
Psychosocial Predictors
High 22/ 44 23/43
o, Medium 35 /115 59 /121
P Low 26 /51 23 /54
Other 70/ 87 35/122
Legal School 49/ 64 82/31
No Legal School 11/32 16/ 27
Education Secondary Inferior 47164 75/ 36
Secondary Superior 37164 24 [ 77
University 39/73 33/79
Single 30/50 23 /57
Living With 9/16 7118
Marital Status Married 106 / 163 84 /185
Divorced 26 /40 15/51
Widowed 12 /28 11/29
Number of Children Metric (mean) 16/1.9 22/16
Cinical Features
Moderate 120/ 151 74 /197
s it Severe 60/ 128 53/ 135
everity Severe with 3/18 1378
Psychsis
Suicididality Binomial (yes) 41 /150 81/110
Melancholia Binomial (yes) 35/109 41/103
Psychotic Features Binomial (yes) 23/34 16/ 41
currently
Psychotic Features lifetime Binomial (yes) 14/ 42 26/30
Change of Appetite Binomial (yes) 129/ 227 114/ 242
Change of Sleep Binomial (yes) 156 / 232 1141274
Unrest Binomial (yes) 162/ 227 121/ 268
Fatigue Binomial (yes) 175/ 281 136/ 320



Feelings of Guilt
Decision Making impaired
Autoaggressive Thoughts

Social Disfunctioning

Number of MDE
Timespan 1% to last MDE
Age first AD

Response 1%t AD

Subsyndromal Bipolarity

PD

Agoraphobia

Social Phobia

OCD

PTSD

GAD

Addiction & Substance Use
History of Drug Abuse
Smoking

Alcohol Abuse
Alcohol Addiction
Any Substance Use
Drug Abuse

Drug Addiction

Diabetes

Thyroid Disorder

MDD 1° Relatives

Binomial (yes) 142 / 203
Binomial (yes) 1721263
Binomial (yes) 121/181
Binomial (yes) 178/ 286

Personal MDD History

Metric (mean) 44/4.6
Metric (mean) 12.2/11.2
Metric (mean) 39.3/40.4
Good 88/192
Mediocre 65/68
Little 30/37
Binomial (yes) 45/ 86

Axis Il Comorbidity

Binomial (yes) 53/39
Binomial (yes) 171713
Binomial (yes) 24 /19
Binomial (yes) 6/7
Binomial (yes) 9/6
Binomial (yes) 18/10
Binomial (yes) 12/18
Binomial (yes) 71/107
Binomial (yes) 7115
Binomial (yes) 9/10
Binomial (yes) 11/16
Binomial (yes) 6/5
Binomial (yes) 712

Axis 111 Comorbidities

Binomial (yes) 25/62

Binomial (yes) 22/86
Family History

Binomial (yes) 781116

110/ 235
130/ 305
95/207
136/ 328

42149
11.8/11.5
40.8/39.6

104 /176
21/112
15/52

35/96

10/ 82
3127
5/38
1/12
2/13
2/26

6/24
47/131
8/14
2117
6/21
2/9
1/8

49 /38
56 /52

59/135



MDD 2° Relatives

BD 1° Relatives

BD 2° Relatives

Number of Relatives MDD

Number of Relatives BD

In- or Outpatient

Psychotherapie

Binomial (yes)
Binomial (yes)
Binomial (yes)
Metric (mean)
Metric (mean)
Other Predictors
Binomial (inpatient)

Binomial (yes)

30/ 46
12/26
719
0.6/0.6
0.1/01

116/ 156
39/73

24152

13/25

5/11
0.6/0.6
0.1/01

64 /218
28184

Supplementary eTable 2. List of all 48 predictors featured in the analysis ordered by groups.
The second row explains the quality of the predictor and provides predictor levels. The third
row shows means for the predictors among resistant and non-resistant patients. The last row
shows means for the predictors among patients showing remission and non-remission.

Abbreviations: MDD = major depressive disorder; MDE = major depressive episode; BD
bipolar disorder; AD = antidepressant; PTSD = posttraumatic stress disorder; GAD
generalized anxiety disorder; OCD = obstructive compulsive disorder.



Predictor

Thyroid Disorder (no)

Panic Disorder (no)
Suicidality (yes)
In- or Outpatient (inpatient)
Response (good)
to (mediocre)
18t AD (little)

Number of Children (mean)

Melancholia (no)
(high)

Occupation (medium)
(low)

(other)

Diabetes (no)

Supplementary eTable 3. Logistic regression model using the 15 most important factors for
remission and resistance according to RandomForests. Predictors are ordered by p-value, Only
predictors, that reached significance for either remission or resistance, are listed below. In the
second and forth row, the counts for predictor levels are listed for remission and non-remission
as well as resistance and non-resistance. For metric predictors, the means for are stated.
Suicidality, thyroid disorder and panic disorder showed the strongest association, followed by
in- or outpatient status, the response to the 1 AD administered and number of children.
Melancholic depression was only significant for resistance while occupation status and diabetes
were only relevant for remission. Age, education, severity, number of major depressive
episodes, marital status, timespan between 1% and last depressive episode and age of 1°
antidepressant treatment did not show significant associations and are not listed. Abbreviations:

Resistance (n=183)
Vs
Non-Resistance (n=297)

161 / 211
130 / 258
41 / 150
116/ 156

88 / 192
65 / 68
30 / 37

1.6/1.9
35/109

22 | 44
65 / 115
26 / 51
70 / 87

168 /235

p = p-value for chi-square test, AD = antidepressant.

<0.0001
<0.0001
<0.0001

0.0029

0.0119

0.0339
0.0001

n.s.

n.s.

Remission (n=140)

Vs

Non-Remission (n=340)

84 /| 288
130 / 258
81 / 110
64 /218

104 / 176
21 / 112
15/ 15

22/16
41/ 103

23 | 43
53 / 97
59 /121
35/ 122

91/312

>0.0001
>0.0001
0.0001
0.0002

0.0006

0.0016

n.s.

0.0382

0.0027



Set

Top 5

Top 10

Top 15

Top25

Top 35

All 48

Treatment Resistance

Age 1% AD, Timespan, Age, Suicidality,
Education

+ Number of MDE, Thyroid Disorder,
Number of Children, Marital Status,
Occupation

+ Severity, Melancholia, Response to 1°
AD, Panic Disorder, In- or Outpatient

+ Subsyndromal Bipolarity, Total
Number of Relatives with MDD, Unrest,
Diabetes, Appetite Change, Smoking,
GAD, Autoaggressive Thoughts,
Feelings of Guilt, Psychotherapy

+ Sex, Impaired Sleep, ° Relatives with
MDD, Social Phobia, 2° Relatives with
MDD, Lifetime Psychotic Features,
Current Psychotic Features, Impaired
Decision Making, Total Number of
Relatives with PD, Agoraphobia

+ Alcohol Dependency, History of Drug
Abuse, 1° Relatives with PD, PTSD, 2°
Relatives with PD, Fatigue, Alcohol
Abuse, Substance Use, Drug Abuse,
Social  Functioning, OCD, Drug
Dependency, Ethnicity

Remission

Age 1%t AD, Timespan, Age, In- or
Outpatient, Number of MDE

+ Thyroid Disorder, Number of Children,
Suicidality, Diabetes, Education

+ Response to 1% AD, Occupation, Marital
Status, Severity, Total Number of
Relatives with MDD

+ Panic Disorder, Melancholia, Total
Number of Relatives with PD, Impaired

Sleep, Appetite Change, Smoking,
Lifetime Psychotic Features,
Autoaggressive Thoughts, Feelings of

Guilt, Psychotherapy

+ Sex, ° Relatives with MDD, Social
Phobia, 2° Relatives with MDD, Current
Psychotic Features, Impaired Decision
Making, Agoraphobia, GAD,
Subsyndromal Bipolarity, Unrest

+ Alcohol Dependency, History of Drug
Abuse, 1° Relatives with PD, PTSD, 2°
Relatives with PD, Fatigue, Alcohol
Abuse, Substance Use, Drug Abuse, Social
Functioning, OCD, Drug Dependency,
Ethnicity

Supplementary eTable 4. Sets of predictors used for predicting resistance and remission
respectively. Predictors were ordered by their importance measures for the prediction model.



1224 patients eligible from the GSRD data pool with
determined treatment outcome

"
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A\ J
Training Sample Test Sample
400 patients 80 patients

Supplementary eFigure 1. Patient allocation diagram. 1224 patients of the GSRD data pool
with determined treatment outcome were available. 427 of these were excluded for being non-
responders indicating that they had received only one antidepressant trial to which they did not
respond. Of the remaining 793 patients 480 showed full data availability, 183 of those were
resistant to two antidepressant trials and 140 showed remission while 157 patients were not
resistant but did not show remission. Subsequently these 480 patients were randomly assigned
to the training and the test sample for the RandomForest algorithm on a quota of 5:1.
Abbreviations: TRD = treatment resistant depression, HAMD = 17-item Hamilton Depression
Scale; GSRD = European Group for the Study of Resistant Depression; AD = antidepressant.
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Supplementary eFigure 2. Importance values measured by mean decrease in Gini for all
predictors, listed on the x-axis starting with the least important. Results are shown for remission
and for resistance. Mean decrease in Gini is shown on the y-axis. A higher value indicates
higher usefulness for classification decisions in the prediction model. Abbreviations: MDD =
major depressive disorder; MDE = depressive episode; BD = bipolar disorder; AD =
antidepressant; PTSD = postraumatic stress disorder; GAD = generalized anxiety disorder;
OCD = obstructive compulsive disorder.
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Supplementary eFigure 3. Accuracy and negative predictive value (NPV) for the different sets
of predictors. The accuracy is illustrated on the y-axis and the PPV on the x-axis. Using all 48
predictors enabled an accuracy of 0.737 for predicting resistance and 0.825 for remission.
Thereby two thirds of patients predicted to stay resistant and three quarters of patients predicted
to show remission can be expected to actually do so. Reducing the number of predictors
subsequently weakens the performance of the prediction model and using only the 5 most
important predictors leads to an accuracy of 0.612 for resistance and 0.7 for remission and about
half of the predictions for resistance and most (0.84) of the predictions for remissions are wrong.
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