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ABSTRACT

Objective: The study objective was to generate a prediction
model for treatment-resistant depression (TRD) using
machine learning featuring a large set of 47 clinical and
sociodemographic predictors of treatment outcome.

Method: 552 Patients diagnosed with major depressive disorder
(MDD) according to DSM-IV criteria were enrolled between

2011 and 2016. TRD was defined as failure to reach response

to antidepressant treatment, characterized by a Montgomery-
Asberg Depression Rating Scale (MADRS) score below 22 after
at least 2 antidepressant trials of adequate length and dosage
were administered. RandomForest (RF) was used for predicting
treatment outcome phenotypes in a 10-fold cross-validation.

Results: The full model with 47 predictors yielded an accuracy
of 75.0%. When the number of predictors was reduced to 15,
accuracies between 67.6% and 71.0% were attained for different
test sets. The most informative predictors of treatment outcome
were baseline MADRS score for the current episode; impairment
of family, social, and work life; the timespan between first and
last depressive episode; severity; suicidal risk; age; body mass
index; and the number of lifetime depressive episodes as well
as lifetime duration of hospitalization.

Conclusions: With the application of the machine learning
algorithm RF, an efficient prediction model with an accuracy of
75.0% for forecasting treatment outcome could be generated,
thus surpassing the predictive capabilities of clinical evaluation.
We also supply a simplified algorithm of 15 easily collected
clinical and sociodemographic predictors that can be obtained
within approximately 10 minutes, which reached an accuracy of
70.6%. Thus, we are confident that our model will be validated
within other samples to advance an accurate prediction model
fit for clinical usage in TRD.
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T reatment-resistant depression (TRD) is characterized by a
perseverance of depressive symptoms even after treatment
trials of adequate dosage and duration have been applied.! ™ As
the broadest definition of TRD, nonresponse is described by
the failure to achieve significant symptom relief after a single
antidepressant treatment. Thereby, a reduction of at least 50%
from baseline on a recognized rating scale for major depressive
disorder (MDD) is commonly used to classify treatment
response.’™ Most classifications require 2 failed treatment trials
of adequate dosage and duration for TRD.

Major depressive disorder was ranked as the 11th most
impairing disease overall as measured by disability-adjusted
life-years in 2010.'%!! As about a third of patients treated with
antidepressant agents do not show sufficient symptom relief after
a first antidepressant trial and 15% of patients remain afflicted
even after multiple antidepressant trials are applied, TRD is in
fact a substantial socioeconomic issue.!>"* Consequently, for
over a decade, our task force Group for the Study of Resistant
Depression (GSRD), a multinational European research
consortium, strove for potent strategy development for TRD,
including characterization of risk markers and prediction tools
to advance precision medicine.'®

Previous single factor-based efforts for distinguishing risk
markers in TRD have consistently highlighted the importance
of clinical predictors for treatment outcome. However, none
of these clinical markers was useful for detecting patients at
high risk of resisting multiple antidepressant trials, leading to
recommendations by recent reviews and think-tanks to focus on
multivariate models.'®~2° The first study by our group adopting
a multivariate approach suggested a combination of clinical and
genetic factors as a signature characteristic of risk of nonresponse
to therapy.?! Furthermore, we achieved a classification based
on a large set of clinical markers with over 70% accuracy for
predicting TRD.?? As studies featuring large sets of predictors
for TRD are still limited, we investigated treatment outcome in
TRD using a set of 47 clinical and sociodemographic predictors
to confirm and substantiate our previous efforts.?!*? All analyses
were performed in a new patient collective of the GSRD data
pool, independent from previous investigations.

METHOD

Sample Description

This analysis included 1,409 patients recruited from the
participating centersin Italy (Bologna and Siena), Greece (Athens),
Austria (Vienna), Switzerland (Geneva), Belgium (Brussels),
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B An advanced statistical prediction model with 47 clinical
and sociodemographic predictors was established in a
sample of 552 patients with major depressive disorder
(MDD). Machine learning allows better prediction for
treatment outcome in MDD than clinical evaluation,
neuropsychiatric scales, or tools as EEG and fMRI, enabling
accuracies around 70% with a set of 15 easily obtainable
clinical and sociodemographic variables.

B Accounting for interactions between variables allowed
prediction of treatment-resistant depression. Baseline
MADRS score, quality of life, severity, and suicidal risk
were the most informative predictors, followed by
age, BMI, and the number of depressive episodes over
lifetime. Sociodemographic variables such as profession,
occupation, income type, and education also seem to be
useful predictors.

Germany (Halle), France (Elancourt and Toulouse), and
Israel (Tel Hashomer) between 2011 and 2016, labeled the
TRD III sample, within the GSRD data pool. The study
was approved by the ethical committees of all participating
centers. The sample of the first 1,186 patients for whom data
collection was completed (epidemiologic sample) has been
described recently.?* In short, participating subjects had to be
at least 18 years old and be diagnosed with MDD according
to DSM-IV criteria. Informed consent was obligatory for
enrollment. A modified version of the MINI-International
Neuropsychiatric Interview Version 5.0.0 (MINI),** as
well as the Hamilton Depression Rating Scale (HDRS),*
the Montgomery-Asberg Rating Scale for Depression
(MADRS),* and the Young Mania Rating Scale (YMRS),?’
were applied for diagnosis and detailed assessment of
MDD symptoms as well as psychiatric comorbidities. The
primary diagnosis was required to be MDD, and patients
showing only a secondary MDD diagnosis were excluded.
Furthermore, substance abuse disorders except for nicotine
abuse, as well as severe personality disorders, were regarded
as exclusion criteria to rule out insufficient treatment
response caused by these disorders.

Of the 1,409 patients, 917 showed the required outcome
phenotypes of treatment response or TRD. Of these, 552
patients were eligible for this analysis based on full data
availability for all 47 variables. Of these patients, 362 (235
female; mean + SD age, 52.14 + 14.07 years) were treatment-
resistant, failing to respond to at least 2 antidepressant
trials, and 190 reached an MADRS score below 22 and a
score reduction of at least 50% and were thus classified as
responders (112 female; mean age, 51.26+14.74 years).
Responders to antidepressant therapy and treatment-
resistant patients showed comparable baseline MADRS
scores of 34.54 and 36.23, respectively. No significant
differences regarding sex, age, or baseline MADRS score
were shown when excluded patients were compared to
the 552 finally enrolled subjects or resistant patients
were compared to responders. For a graphic depiction of
recruitment and study cohorts, please see Supplementary
eFigure 1.

Treatment Outcome Phénotypes

The 2 phenotypes analyzed for outcome were treatment
response and TRD. To evaluate treatment outcome, MADRS
scores were calculated for the time point of recruitment
as well as retrospectively for the starting point of the first
antidepressive treatment of the current major depressive
episode (MDE), further referred to as the baseline MADRS
score. A baseline MADRS score of at least 22 was required for
inclusion, and phenotypes were determined by the changes in
MADRS score. Treatment response was defined by reaching
a MADRS score <22 and a score decrease of at least 50% with
treatment duration of at least 4 weeks at an adequate dose.
TRD was defined by a failure to reach treatment response
after at least 2 antidepressant trials of adequate duration
and dosage. Patients who showed nonresponse after having
received only 1 trial were excluded from this analysis,
a necessary measure for maintaining a clear distinction
between treatment response and TRD for classification.

Regarding mean baseline MADRS values, no significant
differences could be observed between the outcome
phenotypes treatment response (33.7), nonresponse (33.1),
and TRD (35.7) in the full TRD III sample. Regarding patients
included in the machine learning model, no differences could
be observed between TRD (35.1) and treatment response
(33.2) as well.

Predictors

Forty-seven predictors documented in the GSRD database
were used for the prediction algorithm after exclusion of
predictors with more than 20% missing values as well as
redundant or unfeasible predictors. All 47 predictors are
based on items of the MINI psychiatric interview. For a
comprehensive list of all predictors, see Table 1.

The clinical symptoms fatigue, appetite change, sleep
impairment, psychomotor agitation, social dysfunction,
impaired decision making, feelings of guilt, and
autoaggressive thoughts were recorded and included based
on items of the MINI psychiatric interview (MINI A5A-G
as well as 6A). Severity was defined by an abundance of
symptoms at the worst stage of the current episode and
coded as moderate or severe. Impairment in social, family,
and work life was measured by the Sheehan Disability Scale
(SDS).?8 In general, predictors derived from MINI items are
based on a time range of 1 month before the rating, thereby
covering the current depressive episode. Generalized anxiety
disorder (GAD) symptoms are assessed for a time frame of
6 months, while panic disorder symptoms are assessed as
lifetime. As some patients had already responded to therapy
at the time of the interview, some scores, such as SDS, were
evaluated retrospectively for the current episode.

Sociodemographic variables were characterized in a more
sophisticated manner compared to our previous analysis;
we distinguished occupation (eg, full time), profession
(eg, employee, manager), and income type (eg, salary).
Accommodation describes the social home environment,
indicating if a patient is, for example, living at their parents’
house or with a roommate.
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Table 1. List of All'47 Predictors Featured in the Analysis
Ordered by Groups

Group Predictors
Sociodemographic  Age, sex, ethnicity, occupation, income type,
(n=10) profession, accommodation, education,

relationship status, number of children

Family history of MDD, family history of BD, number
of relatives with MDD, number of relatives with
BD, number of MDEs, timespan between first and
last MDE, lifetime duration of hospitalization

GAD, social phobia, OCD, PTSD, panic disorder,
agoraphobia, smoking, number of cigarettes,
YMRS score

Diabetes, thyroid disorder, BMI

MDD history (n=7)

Axis Il comorbidity
(n=9)

Axis Il comorbidity

(n=3)
Clinical features Severity, suicidality, suicidal risk, change of
(n=13) appetite, change of sleep, feelings of guilt,

impaired decision making, fatigue, social
dysfunction, psychomotor agitation, melancholia,
autoaggressive thoughts, psychosis

Inpatient or outpatient, quality of social life, quality
of work life, quality of family life, retrospective
MADRS score

Other predictors
(n=5)

Abbreviations: BD =bipolar disorder, BMI=body mass index,
GAD =generalized anxiety disorder, MADRS = Montgomery-
Asberg Depression Rating Scale, MDD = major depressive disorder,
MDE = major depressive episode, OCD = obsessive-compulsive disorder,
PTSD =posttraumatic stress disorder, YMRS =Young Mania Rating Scale.

Statistical Analysis

We used the randomForest (RF) package for R
software for our investigation (cran.r-project.org/), a
machine learning algorithm suitable for classification of
a dichotomous outcome variable as well as regression.”’
RF determines which predictor variables are most useful
for distinguishing between TRD and treatment response
by using a tree-based approach, calculating variable
importance by residual sum of squares (RSS). Thereby,
regression trees are computed, applying regression
models to the outcome variable for each of the predictors.
Consequently, splitting of the data is performed at several
points for each independent variable. The difference
between the predicted and actual values of the outcome
variable is hence summed for all computations, and the
resulting sum of squared error is used for determining the
best variable for splitting. The binary outcome phenotypes
TRD and treatment response were subsequently calculated
based on the predicted MADRS score and the baseline
MADRS score.

RF requires the input of a random starting value for
decision tree growing; thus, multiple seeds were supplied,
and the results of all these runs were averaged. The number
of trees to grow was determined as 2,000 for each run,
ensuring that every data row gets predicted a few times
(ntree=2,000 in the algorithm). We aligned our formula
with the standard of using the square root of the number
of predictors for sampling random candidate predictors for
each split. While no power calculation has been established
for RF yet, machine learning algorithms such as RF have
been shown to produce reliable results even with a high
ratio of predictors and observations, providing sufficient
overall sample size and excluding all missing data.’*3!

Predicting Treatment Outcome in TRD

RF requires a léarning and a test’sample.” For maximal
efficiency and reliability, we computed our results with a
10-fold cross-validation. We performed a stepwise factor
reduction to the training sample, repeating the prediction
of treatment outcome with a gradually reduced number of
predictors, starting with the least informative ones based on
RSS. Finally, to test for more clinically practicable signatures
of predictors, we tested smaller sets of predictors in the
cross-validated sample as well as an additional test sample
comprising patients formally excluded due to missing values
for the whole set of predictors.

For comprehensive depiction of model performance, we
also generated a receiver operating characteristic space in
the form of a sensitivity vs (1 - specificity) plot for all models
using R.

As RF does not provide information on how the importance
of the predictors come into play, we also computed a
generalized linear model using analysis of variance (ANOVA)
to test for conventional single factor effects.

RESULTS

Importance values for evaluation of each of the
predictors’ contribution to the model highlighted baseline
MADRS score, severity, suicidal risk, age, quality of family
and social life, body mass index (BMI), lifetime number of
major depressive episodes (NMDE), profession, occupation,
income type, education, timespan between the first and last
major depressive episode, quality of work life, and lifetime
duration of hospitalization as the most influential predictors.
As the error rate was increasing with reduction of predictors
performed in a variable shrinkage analysis, we decided to
keep all 47 predictors in our main model. Importance values
measured by RSS values for all 47 predictors are portrayed
in Figure 1.

Using all 47 predictors yielded the strongest results, with
an accuracy of 75.0% for predicting TRD and treatment
response. The sensitivity, representing the patients correctly
predicted to have TRD, reached 82.2%, while the specificity
was at 62.5% (Table 2). The positive predictive value (PPV)
was at 79.6%, signifying the chance that a patient predicted
to resist therapy will actually do so. The negative predictive
value (NPV) reached 67.9%. Finally, our model yielded a
false-positive rate (FPR), which describes the percentage of
patients showing treatment response being misclassified as
treatment-resistant, of 37.43%. In contrast, the false-negative
rate, which describes the percentage of patients with TRD
being misclassified as showing treatment response, was at
17.7%.

Regarding ANOVA, 12 factors showed association with
TRD: severity, suicidality, poor quality of social and family
life, comorbid panic disorder, high suicidal risk, family history
of MDE, higher NMDE, higher YMRS score, appetite change,
and feelings of guilt, as well as inpatient status (Table 3).

Relying on only the 15 most informative predictors
resulted in the accuracy declining to 71.0%, while restricting
the analysis to the 12 predictors showing association in
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Figure 1. Average Importance Values for All 47 Predictors?
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@Predictors are listed on the x-axis by increasing impact on prediction outcome, and mean residual sum of square (RSS) values are
portrayed on the y-axis. Higher RSS signifies higher importance for predictive capability of the model. The red line indicates the cutoff of
the 15 most valuable predictors, as featured in the simplified prediction model for enhanced clinical practicability.

Abbreviations: BD =bipolar disorder, BMI =body mass index, GAD =generalized anxiety disorder, MADRS = Montgomery-Asberg
Depression Rating Scale, MDD =major depressive disorder, MDE = major depressive episode, NMDE = number of major depressive
episodes, OCD = obsessive-compulsive disorder, PTSD = posttraumatic stress disorder, YMRS =Young Mania Rating Scale.

the ANOVA yielded an accuracy of 66.1%. While the PPV
showed a robustness against predictor shrinkage (79.6%
for all 47 predictors vs 80.1% for 15 predictors and 76.6%
for 12 predictors), reduced efficiency of the simplified
models was due to decline in NPV (67.9% vs 56.9% and
52.2%, respectively). A comprehensive depiction of model
performance is provided by a receiver operating characteristic
space diagram in Figure 2, plotting sensitivity against the
FPR.

For the simplified models using 15 and 12 predictors, an
additional validation of the prediction results was possible
exploiting the set of patients excluded for the main analyses.
One hundred nineteen patients and 88 patients that were

excluded due to missing parameters for the full predictor
set could be used as validation samples for the 15-predictor
and 12-predictor analyses, respectively, as they showed full
data availability for these reduced sets. Here, we could reach
a comparable accuracy of 70.6% and 64.9% (Table 2 and
Figure 2).

DISCUSSION

In this study, we strove for refinement and expansion of
our previous endeavors by adopting the machine learning
algorithm RF to a new sample that shows no overlap with
previous investigations. We successfully established a
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Table 2. Performance Measures for the Prediction Models®
Set of Predictors Sensitivity ~ Specificity ~ FPR PPV

NPV Accuracy

All 47, 10-fold 0.822 0.625 0374 0.796 0.679 0.750
cross-validation

Top 15 RandomForest, 0.743 0.647 0.350 0.801 0.569 0.710
10-fold

cross-validation

Top 15 RandomForest, 0.803 0.603 0.396 0.819 0.603 0.706
validation set

(n=119)

Top 15 RandomForest, 0.750 0.550 0450 0.769 0.523 0.683
Elancourt (n=60)

Top 15 RandomForest, 0.725 0.600 0400 0.743 0576 0.676
Halle (n=65)

12 ANOVA, 10-fold 0.710 0.601 0426 0.766 0.522 0.661
cross-validation

12 ANOVA, validation 0.710 0.601 0426 0.766 0.522 0.649

set (n=88)

@Besides the main model featuring all predictors, we decided to implement clinically
more accessible reduced feature sets. Thereby, constraint to the 15 most informative
predictors from RandomForest caused a decline in accuracy to 0.710, while only
fielding the predictors showing association in conventional analysis via analysis of
variance (ANOVA) reached an accuracy of 0.661 in the cross-validated sample. For the
reduced predictors sets, validation in a test sample of 119 (Top 15 RandomForest)
and 88 (12 ANOVA) patients was performed. In addition, geographical data splitting
as an alternative for cross-validation was performed with patients recruited in
Elancourt and Halle as test samples. Besides accuracy as an overall measure of
prediction efficacy, common evaluation parameters for binary classifiers are
provided: sensitivity, specificity, false-positive rate (FPR), positive predictive value
(PPV), and negative predictive value (NPV).

Table 3. ANOVA Results; Only Significant Predictors (n=12) Are
Shown and Ordered by P Value®

TRD (n=362)
vs Response Sum Mean
Predictor (n=190) df Square Square FValue PValueb
Severity n: 258 vs 93 1 548 5481 28495 <.0001
NMDE Mean: 4 vs 3 1 2.54 2.540 13.204 .0002
Quality of social life  Mean: 7.1 vs 6.1 1 2.70 2.705 14.062 .0002
Quiality of Mean: 6.8 vs 5.5 1 2.58 2.580 13.413 .0003
family life
Suicidality n: 208 vs 75 1 217 2173 11.299 .0008
Inpatient status n:192vs 78 2 1.54 0.771 4.010 .0029
Change in appetite  n:284vs 135 1 137 1.367 7.107 .0079
Panic disorder n:37vs 12 1 1.27 1.266 6.582 .0106
Suicidal risk Mean:1.1vs 0.6 1 1.22 1.223 6.356 .0120
Feelings of guilt n:316 vs 150 1 1.15 1.154 5.998 .0146
Family history n:174vs 74 1 0.90 0.905 4.703 .0186
of MDD
YMRS Mean: 1.7vs0.7 1 1.03 1.0314 5.430 .0202

aSeverity, number of depressive episodes, impairment of quality of social and family
life, and suicidality showed the strongest associations, surviving correction for
multiple comparison (corrected P<.001).

bltalics represent findings that did not withstand correction; boldface indicates
significance after correction.

Abbreviations: ANOVA =analysis of variance, MDD = major depressive disorder,
NMDE =number of depressive episodes over lifetime, TRD =treatment-resistant
depression, YMRS =Young Mania Rating Scale.

classification model that yielded an accuracy of 75.0% for forecasting
treatment outcome using 47 predictors in 552 patients and that still
showed an accuracy of 70.6% with a reduced set of 15 predictors.
Thus, we outperformed our previous prediction model.

Machine learning techniques such as RF have shown promising
results by considering interaction and main effects equally and
producing reliable classification with high accuracy.?® To our
knowledge, besides our previous analyses in TRD and another
study fielding a comparable technique in the Sequenced Treatment
Alternatives to Relieve Depression sample, this is one of the first

Predicting Treatment Outcome in TRD

attempts to use new statistical approaches such as
machine learning in TRD.!® Predictors based on
severity, education, relationship status, number
of episodes, and suicidality showed significant
influence on the prediction of outcome in these
studies. Interestingly, posttraumatic stress disorder
(PTSD), as well as ethnicity, were valued with high
importance in some other models in TRD and MDD
but failed to contribute much in this analysis.>>*
This finding might be a result of the low frequency
of comorbid PTSD in our sample (1.9%; percentages
were not specified for the other studies), which also
consists mainly of patients with Caucasian ethnicity.
Baseline MADRS score showed the strongest
impact on prediction accuracy. This was expected,
as baseline scores for determination of outcome
evaluation have usually been shown to affect
classification models in MDD and TRD.3>3*
Impairment of work, social, and family life as
assessed by the SDS showed high importance as
well. Considering that SDS score was shown to
change in conformity with HDRS or MADRS scores
in TRD and that subjectively high symptom burden
was suggested as a risk factor for TRD independent
of objective severity, this finding complements
previous research.3>*¢ Suicidal ideation, suicidal
risk, and illness severity have consistently been
associated with TRD,'®7 as also observed in this
study. Variables estimating the overall duration
of illness, measured as the timespan between first
and last MDE as well as the lifetime duration of
hospitalization, ranked among the most informative
predictors as well. On average, patients resistant to
therapy showed a longer timespan between first
and last MDE (11.69 vs 10.27 years). However,
only NMDE showed an effect in the conventional
ANOVA model out of these predictors, a replication
of previous findings by our group and others.>3-4°
Higher age has been associated with TRD by some
studies*!~** and was informative for the classification
in this model. On the basis of the current data,
predictors concerning time patterns of TRD seem to
influence treatment outcome based on interactions.
The association with clearly established predictors
in TRD such as severity supports this proposition.
Concerning psychiatric comorbidities, panic
disorder has repeatedly been shown to interfere
with treatment response and was also linked to
TRD in the conventional ANOVA model.!®!”
GAD, PTSD, social phobia, and agoraphobia failed
to produce results in either model despite having
previously been associated with TRD. However,
with the exception of GAD and panic disorder, these
comorbidities were rare in our sample.!>*® This
might be related to the focus on symptoms within
the last month by the MINI, which does not account
for lifetime symptoms except for panic disorder.
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Figure 2. Receiver Operator Characteristics (ROC) for All Prediction
Models?
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#The sensitivity is portrayed on the y-axis, while the false-positive rate is scaled on the
x-axis. The diagonal line indicates random guessing, meaning a prediction model
with 50% accuracy. Optimal prediction quality would be achieved by an ROC in
the upper left corner of the diagram. Here, the full model using all 47 predictors
shows the strongest results, followed by the reduced 15-predictor model, while
the analysis of variance-based 12-predictor model yielded the weakest predictive
quality. For the 15- and 12-predictor models, additional validation in a previously
untapped sample of 119 and 88 patients was possible, reaching comparable
classification parameters as the cross-validation model. Finally, geographical data
splitting with the patients deriving from Halle and Elancourt as test samples yielded
slightly reduced accuracies for the 15-predictor model.

Regarding Axis ITI comorbidity, neither diabetes nor thyroid disorder
showed strong contribution to the model, which conflicts with our
last analysis.?> The data on somatic disorders in TRD have been
ambiguous, with few studies suggesting impact on TRD.***~% On
the other hand, BMI, as a main parameter of obesity and associated
diseases, yielded high importance estimation in this model.”® On
average, patients with TRD showed slightly higher BMI (26.29 vs
25.02). Previous research implicated no direct involvement of BMI
in treatment response; however, linkage to risk for and severity of
several comorbidities has been proposed.>!*?

Concerning sociodemographic predictors, education,
relationship status, profession, occupation, and income type were
important contributors to our model. These predictors have all
been investigated in the context of TRD before with ambiguous
results.*#33-55 Being in a relationship or married was suggested
to increase one’s chances of responding to treatment, while being
divorced or widowed might constitute a higher risk of TRD. Lower
income and being unemployed were often associated with MDD
and have been implicated in retention of depressive states despite
therapy.®® On the other hand, suffering from an exhausting work
schedule caused by high occupational level can also increase the
risk for TRD.?” However, in the single factor analysis, none of these
predictors showed significant association, suggesting a complex
interaction-based effect of these predictors.

Regarding predictors based on clinical symptoms, we addressed
subsyndromal bipolarity by adding the YMRS score to our prediction
model. Agitation and hidden bipolar features have often been
discussed as major contributors to TRD.*®>° However, despite single
factor association of YMRS, the influence of this predictor as well

as psychomotor agitation on the classification results
was rather small.*® The same was true for appetite
change and feelings of guilt, which showed positive
association with TRD but were not among the more
informative variables for prediction.

Family history of unipolar or bipolar depression
has previously been shown to increase the risk
for MDD and has also been linked to treatment
response in TRD.!7%0 In this model, their predictive
importance was low; however, family history of MDD
was positively associated with TRD in the ANOVA
model.

Itis important to note that we did not detect effects
of sex on treatment outcome in TRD in these analyses,
a finding that is in line with previous research in
TRD.!® Therefore, sex might not be involved in
treatment response to antidepressants in TRD.

While some predictors showed clear preponderance
in predictive information content, we have repeatedly
concluded that models deteriorate with exclusion of
predictors.?!?2 Here, as well as in our previous study
in this field, using 47 predictors produced superior
results to feature selection models excluding the
lesser predictors. This contrasts the findings of
other groups, which have suggested careful feature
selection for maximizing effectiveness of prediction
outcomes.'**? RF has been shown to exhibit a low
vulnerability to overfitting when the recommended
settings of trees to grow and variables chosen for
each split are applied and sufficient training data are
provided.®%? Therefore, we favor the consideration
of all includable variables, adjusted for redundancy.

However, some limitations must be discussed in
the context of this study. While machine learning
algorithms such as RF can be expected to produce
expedient results even when high numbers of
predictors are fielded, the risk of false-positive
results must be addressed. No independent data set
was available for validation of our model. Therefore,
our results cannot be generalized and are probably
dependent on a narrow data context with regard to
TRD staging methods, predictors classification, and
sample selection by inclusion and exclusion criteria.
Our use of a cross-validation design in a large data
pool of 552 patients and our testing of the simplified
prediction model also in 2 separate samples of
patients not enrolled in the main analysis add weight
to our results. As an alternative validation model, we
performed a geographical split of the data to compare
model performance between different centers. As
some centers contributed only a small number of
patients, we used patients from Elancourt and Halle
(60 and 65, respectively) as a validation set and the
rest of the patients for model generation with the 15
most informative predictors. Thereby, comparable
accuracies of 67.67 and 68.34 could be achieved.
However, we could not validate the prediction models
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across TRD subdatabases dueto differences in treatment
outcome categorization and predictor recording. For TRD
I and II, no baseline symptom score was registered, and
treatment outcome was primarily defined by HDRS. The
same holds true for several predictors that have been refined
for TRD III on the basis of insight gained from our earlier
results, for example, psychosocial predictors characterizing
education and occupation or Sheehan and YMRS scores.
Thus, we decided not to apply a validation using the whole
GSRD data pool, as significant trade-off regarding quality
of both predictor and outcome variables would have been
inevitable. Hence, future studies by other groups will
hopefully clarify if our findings are reproducible in other
data sets.

Another important limitation is the dependence on
retrospectively assessed variables. Especially the use of the
baseline MADRS score for the calculation of treatment
outcome phenotypes bears risks of patient as well as rater
bias, as we did not assess these variables with outcome
blinded. We did not find significant differences between
baseline MADRS scores of the different outcome groups,
and no significant contribution of baseline MADRS score
was found in the conventional ANOVA model, indicating
that considerable bias coming from retrospective assessment
might be unlikely. Furthermore, this study did not have a
tight treatment protocol beyond dosage and time thresholds
as all patients were recruited in a retrospective cross-
sectional approach. Consequently, the patients from our
collective received a broad range of antidepressant as well as
augmentation therapy. Most of them also received more than
1 antidepressant, and further stratification by therapeutic
agent was discarded due to branching in subgroups too

Predicting Treatment Outcome in TRD

small for reliable interpretation.”” In'equal measure, only
the simplified dichotomous outcome parameter treatment
response and TRD was used, while nonresponse or further
staging of TRD by number and type of antidepressant
applied could not be implemented in our model. Developing
prediction models for each antidepressant will be an
important task for future studies as the predictive potential
of certain variables for a specific antidepressant may better
foster personalized medicine. On the other hand, our
study quite likely depicts more real-life clinical settings, in
which polypharmacy is common. Lastly, some predictors
previously associated with TRD, such as duration of the
current episode, were not implemented in our model as they
would reduce the number of observation by more than 20%
due to missing data.

In summary, we successfully elucidated a model based on
clinical and sociodemographic variables with an accuracy
of 75.0% for predicting treatment outcome. Thereby, the
model is outperforming both clinical expert predictions and
suggested classification tools based on neuropsychiatric scales
or tools as electroencephalography and functional magnetic
resonance imaging. To encourage testing of this model by
other research groups and to increase practicability, we also
implemented a prediction model using just 15 predictors
with an accuracy of 71.0%. We show that variables that can
easily be obtained in any clinical setting within a timeframe
of approximately 10 minutes might be sufficient to markedly
enhance assessment of treatment outcome. Our results
encourage further studies utilizing multivariate approaches,
as they emphasize that data mining and advanced statistics
are auspicious in the quest for precision medicine in mental
health.
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Supplementary eFigurel. Depiction of the study sample as part of the extensive data pool of
the GSRD. For this analysis, the TRD Il sample was used, comprising 1409 patients. Of
those, 346 showed treatment response categorized by a MADRS reduction of at |east 50% and
final score below 22, while 571 patients did not achieve response and were determined as
treatment resistant. Of those 917 patients, 552 showed full data availability for all 47
predictors and could hence be included in the prediction model. For model generation, 10-fold
cross validation was used, cutting the sample into 10 subsamples and using one as a test set
while the other nine are used as training set. This procedure is repeated for every subset so
that every patient is predicted. For the simplified model with a reduced number of 15
predictors, 118 patients from the excluded sample could be used a validation sample for the
prediction algorithm. Abbreviations: MADRS = Montgomery-Asperg depression rating scale,
GSRD = group for the studies of treatment resistant depression, RF = RandomForest, AD =
antidepressive agent, TRD = treatment resistant depression.

Itis illegal to post this copyrighted PDF on any website. ¢ © 2017 Copyright Physicians Postgraduate Press, Inc.



	16m11385-SM.pdf
	Kasper-SM.pdf
	Kasper-SupplMat.pdf


