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Learning to identify CNS drug action and efficacy using multi-study fMRI data

Abstract

We summarise recently published work develop-
ing and validating machine-learning based pro-
tocols that permit functional magnetic resonance
brain imaging (FMRI) to be used in drug discov-
ery. To develop such protocols required strate-
gies for identifying neuroimaging markers of
drug efficacy that are robust to variability in the
actions of effective compounds, and other fac-
tors, without requiring extensive new experimen-
tal data acquisition. Our approach is to learn
signature brain activation modulations indicative
of drug efficacy across databases of heteroge-
neous FMRI studies associated with the disease
state of interest. Activity signatures are learnt
through training classifiers to distinguish effec-
tive drugs from placebo. We validated the ap-
proach by developing a protocol for the identi-
fication of novel analgesics. This protocol suc-
cessfully identified evidence for efficacy in 8
separate studies of established analgesic com-
pounds. Further work has extended approaches
to resting-state imaging. This work demonstrates
a framework in which machine learning can fa-
cilitate translational applications of brain imag-
ing. More broadly, this work shows how com-
bining meta-analytic and machine learning ap-
proaches can broaden the inferences and appli-
cations possible with imaging technology.

1. Introduction

There is an urgent need to improve the success rates of clin-
ical trials in drug development. Biomarkers that screen can-
didate compounds prior to large-scale clinical trials have
the potential to substantially improve the productivity and
cost-effectiveness of drug development. FMRI, which is
capable of identifying signature effects of disease and treat-
ment on brain activity, shows considerable promise for
such applications(Upadhyay et al., 2011). However, de-
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spite this promise, progress towards validated FMRI-based
procedures for assessing the potential efficacy of new CNS
compounds has been slow (Wise & Preston, 2010). In part,
this is due to the difficulty of achieving validated inferences
regarding the likelihood that an unseen drug will be suc-
cessful (clinical efficacy). fMRI does not quantify physio-
logical variables directly associated with drug action, so ev-
idence for the efficacy of compounds must be derived from
empirically established associations between brain activity
patterns and measurable clinical variables such as treat-
ment outcome. Modulation of brain activity alone (phar-
macological effect) does not imply that a drug is effica-
cious. What is required is the identification of a signature
of clinical improvement that is robust to auxiliary effects
of specific compounds, and heterogeneity in patients, ac-
quisitions and other factors. Furthermore, it is necessary
that imaging methods provide predictive capabilities be-
yond what can be obtained from available clinical measures
alone.

To achieve this, we use a machine-learning based meta-
analytic strategy. This provides the sensitivity required to
identify consistent signatures of the action of efficacious
compounds from existing experimental datasets, which are
typically highly heterogeneous.

2. Methods

2.1. General protocol

The FMRI protocols we describe here are intended to be
applied to potential candidates for stage Ila clinical tri-
als. Here, FMRI might be used as a screening procedure,
rapidly identifying drugs unlikely or very likely to succeed,
using a modest number of patients. The procedures utilize a
database of studies of established compounds or other treat-
ments.

The assessment protocol has stages, Quality Assurance
(QA), Assessment for Pharmacodynamic Effect, and As-
sessment for Clinical Efficacy (Fig 1A-C). Meta-analytic
and machine learning are used across multiple stages. Af-
ter QA, Pharmacodynamic effect assessment determines
whether the compound modulates brain activity in any way,
which can provide important evidence for the promise of
a compound. This assessment is achieved by determining
whether drug states can be discriminated from placebo in
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Figure 1. Protocol for assessing candidate CNS compounds using fMRI. Top row shows the general protocol. Bottom row shows
a schematic of the proof-of-concept analgesic assessment protocol. (A) Quality-assurance. Prior to the assessment of drug effects,
quality-assurance procedures test that the experimental protocol, preprocessing, and modeling identify expected brain responses. A
comparison was performed between the effects of the painful stimulus in the test study and effects consistently observed in studies using
similar stimuli. A study with lower responses in relevant brain areas was flagged as potentially problematic (t-test, corrected for multiple
comparisons). (B) Test for pharmacodynamic effect. This stage tests whether the compound reliably modulates brain activity. Consistent
modulation of brain responses is evidence for a pharmacodynamic effect. In the proof-of-concept procedure, a pharmacodynamic effect
was flagged if an algorithm could be trained to distinguish drug from placebo responses in held-out subjects. (C) Test for evidence of
clinical efficacy. The final stage tests whether observed modulations of responses correspond to established signs of efficacious action.
The proof-of-concept approach determined whether a classifier trained to detect the effects of established analgesics could identify the

test compound.

held out subjects. Evidence for clinical efficacy provides
a similar assessment, but here the discriminative classifier
is trained on a set of studies of established compounds, so
that it identifies common features of efficacious drug ac-
tion. This approach could identify brain activity modula-
tions suggestive of efficacy that occur earlier or more re-
liably than changes in external clinical measures (Wise &
Preston, 2010).

2.2. Proof-of-concept validation

The proof-of-concept protocol was tested on eight placebo-
controlled crossover fMRI studies of the effects of estab-
lished analgesics on responses to pain. Each study was as-
sessed as if a novel compound, with the remaining studies
used to identify a signature of analgesic efficacy. Across
studies, the stimuli were always painful, but varied in their

timing, location, and quality. The studies investigated anal-
gesics from a variety of compound classes, and varied in
the MRI scanners, disease states, dosing regimens, and
numbers of subjects used. Being capable of using hetero-
geneous datasets ensures that a high proportion of existing
studies can be used to inform and validate assessments, and
that assays can be developed in the context of evolving ac-
quisition and experimental protocols.

A forced-choice linear support vector machine (SVM) was
used for classification, using features derived from an Inde-
pendent Component Analysis (ICA) based decomposition
of the task response maps, and a c-parameter determined
by cross-validation. This classifier was trained to predict
which of the sessions was associated with the test anal-
gesic. A leave-one-subject-out cross-validation scheme
generated predictions for all subjects. Reliable identifica-
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Figure 2. Results of the proof-of-concept drug assessment protocol applied to analgesic and control studies. QA identified the percentage
of voxels showing responses that were significantly lower than responses in regions consistently responding to similar stimuli in the other
studies (unpaired t-test, corrected for multiple comparisons). The pharmacodynamic effect assessment determined whether the stimulus
responses associated with the test compound could be distinguished from those associated with placebo, evidence of a drug effect.
The clinical efficacy assessment tested whether studies of established compounds identified patterns of effects that could be used to
distinguish the test compound from placebo. Accuracies give the proportion of subjects for which the test compound session was
correctly identified. P-values indicate the probability of achieving this accuracy or better given no drug effect (binomial test, chance =
50%). Sample sizes correspond to the number of subjects reported in Table 1. 90% Wilson-score confidence intervals are also shown.
Colors indicate whether compounds passed a specific assessment phase based on the predefined decision rules (Fig. 1): green pass;

yellow provisional pass; red fail; gray problem with QA, reassess.

tion of the drug session indicated evidence for pharmaco-
dynamic effect or clinical efficacy.

3. Results

The results of applying the proof-of-concept procedure to
the fMRI test datasets is shown in Figure 2. Moderate to
strong evidence for an analgesic drug like effect was iden-
tified for all analgesic compounds (a-h), while a set of as-
sessments of placebo control conditions identified no evi-
dence for efficacy (i-n).

Examination of the brain activity contrast maps (Fig. 3B),
and weight maps of the classifiers trained to discriminate
drug from placebo sessions across all studies (Fig. 3C)
identified a pattern of positive and negative weightings
driving predictions, corresponding to established pain re-
gions, including the insula and anterior cingulate cortex.
Signal from a smaller selection of expert defined regions of
interest did not provide the sensitivity to reliably identify
held-out analgesics that the wholly data-driven signatures
provided.

To determine whether approaches using existing com-
pounds could be effective when only a limited number of
studies of efficacious compounds were available, we inves-
tigated the performance of algorithms trained on just one
study to identify other analgesics (Fig. 4). These assess-
ments were less reliable, producing a maximum mean ac-
curacy of 68% compared to a mean accuracy of 74% when
classifiers were trained on all remaining studies. Trans-
fer of discrimination capabilities across studies was good:
when the same compounds was tested in two studies, train-
ing on one of the two studies, and testing on the second,
produced high drug-placebo discrimination rates (mini-
mum accuracy 74%, p < 0.02).

4. Discussion

Early-stage testing of candidate CNS compounds has of-
ten been inadequate. Here, we have demonstrated and vali-
dated an fMRI-based drug assessment protocol, that utilises
published datasets and machine learning methods to inform
the assessment of a novel drug candidate. The approach
was able to identify moderate to strong evidence for drug
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Figure 3. Multi-study effect maps. (A) Thresholded z-statistic
maps of a mixed effects analysis of the average pain response
across all 8 studies. Red corresponds to brain regions showing
significant response to the painful stimuli (one-group t-test for
nonzero response, p<0.05, cluster-corrected). (B) Mixed effects
analysis of modulation of pain responses by analgesics across all
8 analgesic studies. Blue corresponds to regions showing a sig-
nificantly reduced response to the painful stimuli in the analgesic
sessions (paired two-group t-test, p<.05, cluster-corrected). (C)
Weight map of the SVM trained across all 8 studies (arbitrary
threshold). Red corresponds to positive weights; blue, to negative
weights.

effects for all clinically proven analgesics, with no false-
positives for control data. These results suggest that fMRI
can be of immediate value in clinical areas such as drug dis-
covery. As it is designed to employ existing data sets, the
general protocol described is useful for rapid, early-stage
drug assessment. The approach would benefit considerably
from experiments being performed in a co-ordinated man-
ner, with matched acquisitions and systematic exploration
of confounds, established compounds, and non-efficacious
compounds (Wager et al., 2013).

The ICA/SVM-based forced choice classification approach
described here is relatively simple but effective. The ap-
proach could be refined for the multi-study context in a
variety of ways. Approaches that into account the covari-
ance structure of samples, variations in SNR across sub-
jects and studies, and multiple modes of efficacious drug
action, are likely to be beneficial. We are currently testing
classification schemes that provide probabilistic estimates
of the presence of a drug, which will allow the identifica-
tion of drug effects in smaller samples. We have recently
developed a pipeline for studies of drug modulations of the
resting-state.
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