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ABSTRACT

Background: Clinically approved antidepressants modulate the brain's emotional valence circuits, suggesting
that the response of these circuits could serve as a biomarker for screening candidate antidepressant drugs.
However, it is necessary that these modulations can be reliably detected. Here, we apply a cross-validated
predictive model to classify emotional valence and pharmacologic effect across eleven task-based fMRI datasets
(n = 306) exploring the effect of antidepressant administration on emotional face processing.

Methods: We created subject-level contrast of parameter estimates of the emotional faces task and used the Shen
whole-brain parcellation scheme to define 268 subject-level features that trained a cross-validated gradient-
boosting machine protocol to classify emotional valence (fearful vs happy face visual conditions) and phar-
macologic effect (drug vs placebo administration) within and across studies.

Results: We found patterns of brain activity that classify emotional valence with a statistically significant level of
accuracy (70% across-all-subjects; range from 50 to 87% across-study). Our classifier failed to consistently
discriminate drug from placebo. Subject population (healthy or unhealthy), treatment group (drug or placebo),
and drug administration protocol (dose and duration) affected this accuracy with similar populations better
predicting one another.

Conclusions: We found limited evidence that antidepressants modulated brain response in a consistent manner,
however found a consistent signature for emotional valence. Variable functional patterns across studies suggest
that predictive modeling can inform biomarker development in mental health and in pharmacotherapy devel-
opment. Our results suggest that case-controlled designs and more standardized protocols are required for
functional imaging to provide robust biomarkers for drug development.

1. Introduction

many pharmaceutical companies to withdraw from drug development
(Insel et al., 2012; Friedman, 2013). Biomarkers that capture how ef-

Psychiatric drug development is difficult, expensive, and beset by a fective drugs modulate the brain's functional anatomy could prioritize
high failure rate. The slow onset, unclear biological markers, and candidate compounds for large clinical trials, thus improving the pro-
variable clinical efficacy even of approved psychiatric drugs makes the ductivity and cost-effectiveness of drug development.
potential efficacy of candidate drugs difficult to measure and has led Clinically approved antidepressants modulate the brain's emotional
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valence circuits, suggesting that the response of these cicruits could
serve as a biomarker for screening candidate antidepressant drugs. The
emotional faces task has been particularly useful in eliciting the emo-
tional valence circuit (Ekman, 2013; Leppdnen, 2006). In this task, a
subject is instructed to view a human actors' face and determine the
gender of or the emotion expressed. Independent studies have shown
that emotional valence networks engaged by this task are affected by
antidepressant administration (Murphy et al., 2009). The applicability
of these studies to screen for potential antidepressant compounds rests
on the ability of the emotional faces task to engage a spatially consistent
emotional valence network across populations, specifically the aspect of
this network that is affected by antidepressant administration. This
applicability may be explored by assessing 2 contrasts: an emotional
valence contrast (i.e. is there a consistent difference in activity when
positive and negative faces are displayed?) and a pharmacologic con-
trast (is there a consistent difference when antidepressants are com-
pared to placebos?).

A second advantage of the emotional valence contrast described
above is that it can be constructed in either a within or between-subject
manner. Duff et al. (Duff et al., 2015) have previously successfully
developed a cross-validated machine learning protocol which was able
to predict pharmacologic class in analgesic studies within pain stimu-
lation tasks. However, the analgesia literature tends to use within
subject designs whereas the antidepressant literature uses between
subject designs. The emotional valence contrast is therefore useful as a
means of directly comparing classifier performance of within vs. be-
tween subject contrasts on the same dataset.

Here, we apply a machine-learning classifier to a large set of studies
of antidepressant effects on brain responses during an emotional faces
tasks. We explore the consistency of the emotional valance effect con-
sidered both within and between-subjects and the between-subject
pharmacologic effect. Because these studies use protocols with con-
siderable variability in scanners, experimental tasks and patient co-
horts, we further aim to explore the effect of protocol variability on
signature generalizability. To accomplish this, we exploit a di-
mensionality reduction step (Yoshida et al., 2017) to reduce voxel-wise
data to functionally homogenous parcels defined in an independent
dataset by an unsupervised algorithm (Shen et al., 2013). We then
apply the gradient boosted machine (GBM) classifier to predict emo-
tional valence (fearful vs happy face presentation) and pharmacologic
class (antidepressant versus placebo), to test whether a consistent,
cross-study signature may be identified, and to understand which study
protocols generate a more generalizable signature.

2. Methods and materials

For each of eleven datasets, subject-level contrast of parameter es-
timates of the emotional faces task were created and divided into 268
regions using the Shen whole-brain parcellation scheme. Each region
was used as a feature within a cross-validated gradient-boosting ma-
chine protocol that classified emotional valence and pharmacologic
effect within and across studies. Feature weightings were then mapped
onto the brain to allow anatomic localization and visualization.

2.1. Datasets

Eleven independent datasets from eight task-based fMRI studies of
the effect of antidepressant administration on emotional face processing
were available for analysis, representing 306 subjects (See Table 1 for
key features of the dataset; NB: the number of subjects per study differs
from the original publications, reflecting that some data could not be
located for inclusion in our study and that one study (Warren) has re-
cruited more participants since the time of our study). These studies
were all performed in the Harmer lab from 2006 to 2015 and made use
of healthy subjects (H) without previous history of mental illness and
subjects selected based on the presence of symptoms consistent with a
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disorder (i.e. Major Depressive Disorder) or symptom (i.e. neuroticism
or dysphoria). In these studies, the Beck Depression Inventory and the
Eysenck Personality Questionnaire, neuroticism dimension were used
to assess these symptoms. Although specific aspects of the study varied
(e.g. antidepressant dose and duration), all versions investigated group
differences in whole-brain BOLD response when subjects viewed happy
and fearful faces. In this study, we selected only happy and fearful
emotional face presentation, as these were the most consistently used
emotions in our available dataset. Individual studies each obtained
ethical approval from the local ethics committee.

2.2. MRI processing

Standard preprocessing and mapping analysis were employed using
tools from FMRIB's Software Library (FSL) package (http://fsl.fmrib.ox.
ac.uk/fsl/fslwiki/). The FSL FMRI Expert Analysis Tool (FEAT) was
used for general linear modeling (GLM) (Jenkinson et al., 2012). Sub-
ject-level contrast of parameter estimate (COPE) maps for each contrast
(e.g. happy versus fixation) were produced in native patient space.
These COPE maps were used in subsequent classification analyses, as
described below. See Supplementary Methods for more details and
Fig. 1 for an illustration of the analysis pipeline.

2.3. Machine learning method

Cognitive models of depression suggest that patients process nega-
tive relative to positive stimuli differently from non patients, and that
these cognitive processes are causative in the illness. Therefore a con-
trast looking at the emotional processing circuit activation to negative
vs. positive faces may be able to identify illness specific signatures and
how the brain's emotional circuits change in response to treatment. We
chose a forced-choice gradient boosting machine (GBM) for classifica-
tion due to its robustness to outliers and its ability to map features back
into anatomical brain space (Friedman, n.d.).

Predictive analyses are prone to overfitting when the number of
features far outweighs the number of subjects (Yoshida et al., 2017).
Given our available dataset of 306 subjects, we had to reduce the
number of features from voxels (~900,000 in 2 mm isotropic space). To
this end, we selected the Shen 268-node resting-state fMRI atlas, de-
fined by a group-wise spectral clustering algorithm applied to an in-
dependent dataset consisting of 45 subjects (Shen et al., 2013; Finn
et al., 2015). We transformed the Shen atlas from MNI-152 space into
native patient space using linear and nonlinear FSL transforms
(Jenkinson et al., 2012) and used the average COPE values within each
parcel to produce 268 features per subject for the classifier.

2.4. We trained 2 overall types of classifiers

1) Emotional Valence Classifier. This analysis determined whether and
where a signal for emotional valence was consistent enough to
discriminate fear from happy face visual conditions. We assessed the
performance of the emotional valence classifier with two different
types of feature inputs to determine the impact of inter-subject
variability and task variability. The first subtracted fear and happy
responses within-subject, to account for average differences in visual
responses across subjects (i.e. the classifier compared the FvH COPE
contrast image to the HvF COPE contrast image). The second com-
pared fear versus fixation COPE files and happy versus fixation
COPEs and accounted for across-study differences in task, without
being able to minimize individual subject variability in the visual
response. Duff et al. (Duff et al., 2015) were able to minimize inter-
subject variability through within-subject contrasts wherein each
subject received a placebo and drug condition, thus allowing phar-
macologic effect to be isolated from variability due to individual
differences and/or task. Because the pharmacologic effect in our
studies was necessarily between subjects, we used the valence
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