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Population characteristics
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Ethics oversight

Note that full information on the approval of the study protocol must also be provided in the manuscript.

The study was exploratory in nature and deals with a heterogeneous patient population. As such, we did not use a prespecified sample size
calculation. Based on our preliminary data, there were striking changes in the fMRI pattern with DBS-ON vs DBS-OFF at the individual and
group levels. Preliminary results showed that approximately 12 patients were required to build a preliminary successful machine learning
algorithm for contact settings. Our total cohort of patients in which fMRI was acquired includes 67 patients (203 fMRI sessions), which should
be sufficient to generate meaningful findings.

No data was excluded, however fMRI data could not be acquired in 4 patients due to excessive movement or MRI hadrware failure.

We built a machine learning model to predict optimal vs non-optimal DBS settings. We obtained a train data accuracy (5-fold cross validation
framework). The validity of the classifier model was assessed by testing it on two groups of unseen, independent data sets: 9 patients a priori
clinically optimized by the neurologist and 9 stimulation-naïve patients prior to initiation of programming. Each patient’s fMRI response maps
were fed to the ML model to prospectively predict the optimal DBS setting. Further models were trained with different patients’ subsets:
without GPi and including only sub-cohorts of contact-only or voltage-only and the results are reported.

fMRI were acquired prospectively with the intent of building a machine learning model predicting clinically optimized DBS settings. The order
in which non-optimal contact or voltage stimulation was delivered was randomized. Each subject was randomly assigned to one of train or
test cohort for the machine learning experiments.

58/67 patients in which fMRI was acquired had been receiving chronic DBS stimulation and their stimulation at the time of the fMRI (or the
settings at 1 year after the surgery for those who underwent the fMRI before 1-year post-op) were deemed clinically optimized. Clinically
optimal DBS settings for these patients were obtained using published algorithms. 9 patients were stimulation-naïve patients who recently (<1
month of programming) underwent DBS surgery (i.e., no clinically defined optimized DBS settings at the time of the MRI). They received
clinical programming by a neurologist blinded to the fMRI results. Two movement disorder neurologists, who previously published
programming algorithms, were involved in the optimization of the patients. During the fMRI, the patients were blinded to the DBS settings.

fMRI data was acquired in 67 Parkinson's disease patients receiving DBS (203 fMRI sessions). The mean age was 62.9 years
±8. There were 41 females and 26 males.

Patients were recruited during their DBS routine clinical appointments. Inclusion criteria were (1) participants receiving active
STN- or GPi-DBS, (2) ability to provide written informed consent, and (3) specific models of Medtronic DBS hardware,
including DBS leads (3387, 28 cm; Medtronic, Minneapolis, MN), extension wire (37086, 60cm; Medtronic, Minneapolis, MN)
and IPG (Activa PC 37601, Activa RC 37612, Medtronic, Minneapolis, MN). Participants undergoing 3T MRI were also required
to have DBS hardware geometry similar to previous phantoms. While we recruited all patients within these inclusion
criteriae, patients were invited to volunteer for the study and it is plausible that they may have displayed similar
characteristics, for example in terms of personality and inclication to participate in trials.

University Health Network Research Ethics Board (ID: #14-8255).
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Clinical data
Policy information about clinical studies
All manuscripts should comply with the ICMJEguidelines for publication of clinical research and a completedCONSORT checklist must be included with all submissions.

Clinical trial registration

Study protocol

Data collection

Outcomes

Magnetic resonance imaging
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Design specifications
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Diffusion MRI Used Not used

Preprocessing
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Normalization
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Noise and artifact removal
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Statistical modeling & inference

Model type and settings
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NCT03153670

Study protocols are available from clinicaltrials.gov website and the corresponding author by request.

MRI data was acquired at Toronto Western Hospital (Toronto, Ontario, Canada) from June 2017 to February 2020. The associated
clinical data was acquired at the Movement Disorder Clinic at Toronto Western Hospital (Toronto, Ontario, Canada) during the same
time period.

The primary outcome was brain areas engaged with deep brain stimulation as assessed by changes in BOLD signal on functional
magnetic resonance imaging (fMRI) images.

6.5-minute fMRI sessions acquired using a 30s DBS-ON/OFF cycling paradigm (block design).

30-second block; each session was 6.5 minutes (13 blocks).

DBS settings (contacts or voltages) were categorized as optimal or non-optimal by a movement disorder neurologist
using published algorithms.

Structural and functional MRI

3T

T/R coil: 3D SPGR TR=8ms, TE=3ms, FOV=256mm, Matrix=256x256 and GRE-EPI (fMRI) TR=3010ms, TE=30ms,
FOV=240mm, Matrix=64x64.

body-coil: 3D SPGR TR=8ms, TE=3ms, FOV=256mm, Matrix=256x256 and GRE-EPI (fMRI) TR=2151ms, TE=30ms,
FOV=240mm, Matrix=64x64.

whole brain scan

All fMRI data were slice time corrected, motion corrected, rigidly registered to a T1-weighted image, non-linearly registered
to a standard space MNI brain, and spatially smoothed using a FWHM 6mm gaussian kernel in SPM12 (http://
www.fil.ion.ucl.ac.uk).

All fMRI data were non-linearly registered to a standard space MNI brain, and spatially smoothed using a FWHM 6mm
gaussian kernel in SPM12 (http://www.fil.ion.ucl.ac.uk).

Standard space MNI brain provided in SPM12 (http://www.fil.ion.ucl.ac.uk).

All fMRI data were motion corrected (6 parameters) in SPM12 (http://www.fil.ion.ucl.ac.uk). The estimated parameters for 6-
degrees of motion were used as regressors to the design matrix used for calculating statistical parametric maps.

To account for artifacts due to head motion in PD patients, we used the Art toolbox to detect and remove volumes with
motion >1.5mm. Overall, for any given patient, this resulted in the removal of a maximum of 6 volumes (3.3%) from the total
volumes acquired.

Individual fMRI statistical parametric maps (functional response t-maps) were estimated using a 30 second DBS-ON/OFF
block design with the canonical double gamma function for modeling the hemodynamic response function (HRF). Functional
response maps were corrected for multiple comparisons using a p-value of 0.001, with cluster level thresholding of 50 voxels,
to give an overall p-value of less than 0.05 for visualization. While the cluster threshold was used for visualization purposes,
the machine learning model was constructed using unthresholded t-values to retain the full spectrum of the data. We used
16 ROIS and a linear-discriminant analysis (LDA) within a 5-fold cross validation framework to classify optimal vs non optimal
fMRI maps.

For each individual fMRI session, DBS-ON was compared to DBS-OFF. Those fMRI patterns were categorized as clinically




