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Abstract

Objective: The benefit of deep brain stimulation (DBS) for Parkinson’s disease (PD) may 

depend on connectivity between the stimulation site and other brain regions, but which 

regions and whether connectivity can predict outcome in patients remains unknown. Here, 

we identify the structural and functional connectivity profile of effective DBS to the 

subthalamic nucleus (STN) and test its ability to predict outcome in an independent cohort.   

Methods: A training dataset of 51 PD patients with STN DBS was combined with publicly 

available human connectome data (diffusion tractography and resting state functional 

connectivity) to identify connections reliably associated with clinical improvement (motor 

score of Unified Parkinson’s Disease Rating Scale). This connectivity profile was then 

used to predict outcome in an independent cohort of 44 patients from a different center. 

Results: In the training dataset, connectivity between the DBS electrode and a distributed 

network of brain regions correlated with clinical response including structural connectivity 

to supplementary motor area and functional anticorrelation to primary motor cortex (p < 

0.001). This same connectivity profile predicted response in an independent patient cohort 

(p < 0.01). Structural and functional connectivity were independent predictors of clinical 

improvement (p < 0.001) and estimated response in individual patients with an average 

error of 15% UPDRS improvement. Results were similar using connectome data from 

normal subjects or a connectome age, sex, and disease-matched to our DBS patients. 

Interpretation: Effective STN-DBS for PD is associated with a specific connectivity profile 

that can predict clinical outcome across independent cohorts. This prediction does not 

require specialized imaging in PD patients themselves.
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Introduction

Deep brain stimulation (DBS) is a well-established treatment for Parkinson‘s 

Disease (PD), yielding improvements in motor symptoms and quality of life 1. The most 

common DBS target is the subthalamic nucleus (STN), identified based on stereotactic 

coordinates and preoperative MRI. However, the therapeutic benefit of DBS may depend 

on modulation of remote brain regions connected to the stimulation site 2-4. These remote 

effects of DBS have been measured with both electrophysiology 5,6 and brain imaging 

3,7-10. Further, these remote DBS effects can correlate with clinical response 11. As such, 

connectivity of the stimulation site to a network of other brain regions may be an important 

mediator of DBS response. If true, one could potentially predict response based on 

connectivity with the stimulation site and even optimize the DBS target based on 

connectivity.

Motivated by these findings, researchers have worked to determine which 

connections with the DBS site are most important.  For example, the hyperdirect pathway 

connecting STN to cortex is thought to play a key role 8,12-14. However, identifying 

connectivity noninvasively in humans is not straightforward. Two MRI-based connectivity 

measures appear promising. Diffusion tractography, a noninvasive metric of anatomical 

connectivity, can identify white matter tracts near the DBS electrode 9,10,15-17. Functional 

connectivity, a measure of the correlation in spontaneous activity, can link DBS sites to 

cortical regions including targets of noninvasive brain stimulation 2,18. Despite these efforts, 

the connectivity profile of clinically effective STN stimulation for Parkinson’s disease 

remains unclear.

Here, we use high quality connectome datasets of both diffusion tractography and 

functional connectivity to compute the connectivity profile of effective STN stimulation for 

PD. Most analyses used connectome data from normal subjects (N = 1030), but we 
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ensured results were reproducible using a connectome from PD patients (N = 90). 

Although group connectome data has not previously been used to study DBS outcomes, 

it’s proven valuable in similar contexts 2,19-25.  We studied two large cohorts of PD patients 

with STN DBS (N = 51 and N = 44) to test the hypotheses that connectivity profiles predict 

clinical outcome across independent datasets. 
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Methods

Patient cohorts and imaging

95 DBS patients from two different centers were retrospectively included in this study 

(mean age 60.2 ± 8.0 yrs, 29 women). The first “training” dataset was from Charité – 

Universitätsmedizin, Berlin while the second “test” dataset was from the University 

Hospital Würzburg (Table 1). The study was carried out in accordance with the Declaration 

of Helsinki and was approved by the Internal Review Board of Charité – 

Universitätsmedizin or Würzburg University Hospital (see below).

All patients (both datasets) underwent DBS surgery for Parkinson‘s Disease and received 

two quadripolar DBS electrodes of model 3389 (Medtronic, Minneapolis, MN). All patients 

received a pre-operative MRI and neuropsychological testing to exclude structural or 

severe psychiatric co-morbidities. During surgery, micro-electrode recordings were 

performed to verify lead placement. Clinical variables including age, sex, disease duration 

before surgery, Levodopa-response (percent improvement UPDRS-III ON vs. OFF) before 

surgery and Levodopa equivalent dose (LEDD) at baseline were recorded and tested for 

predictive value of clinical outcome in a univariate analysis.

The Berlin (training) dataset consisted of four sub-cohorts, enrolled at different times and 

for different studies. These sub-cohorts were intentionally heterogenous in clinical 

presentation and DBS effects to ensure that results from this training dataset would be as 

generalizable as possible. One sub-cohort consisted of early-stage PD patients (B1), one 

sub-cohort was retrospectively gathered from medical records with only clinical 

assessment of UPDRS response (B2), one consisted of a typical, average-aged study-

population of patients stimulated to the STN (B3) and one sub-cohort had DBS targeting 

the nearby caudal zona incerta rather than the STN itself (B4). Detailed clinical results of 

this final cohort will be reported elsewhere. For all patients in the Berlin cohort, DBS 
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response was measured as % change in UPDRS motor score ON vs. OFF DBS assessed 

1-2 years post-operatively.

The Würzburg (test) dataset consisted of a single clinical cohort.  DBS response was 

measured as % change in UPDRS motor score comparing post-OP ON DBS to pre-OP 

baseline. Note that the DBS outcome measure was different in the Würzburg versus Berlin 

cohorts, which was intentional to ensure generalizability of our results. All UPDRS-III 

scores (both datasets) were recorded after withdrawal from dopaminergic medication for > 

12 hours.

DBS Lead localization

The DBS localization protocol largely followed the one described in 26 with some 

modifications. Briefly, postoperative images were linearly co-registered to preoperative 

MRI using SPM12 (http://www.fil.ion.ucl.ac.uk/spm/software/spm12/;  postoperative MRI) 

or BRAINSFit software (https://www.nitrc.org/projects/multimodereg/; postoperative CT). 

Co-registrations were manually controlled for each patient and refined if needed.

Images were then normalized into ICBM 2009b NLIN asymmetric space using the SyN 

approach implemented in advanced normalization tools (http://stnava.github.io/ANTs/) 

based on the preoperative MRI. DBS electrode contacts were localized within MNI space 

using Lead-DBS software (www.lead-dbs.org; 26).

Volume of activated tissue estimation

Volume of activated tissue estimation largely followed the concepts described in 27 and 28 

but processes were re-implemented using a novel open-source pipeline explained below. 

To construct a volume conductor model of the DBS electrode and surrounding tissue, a 

tetrahedral volume mesh was generated based on the surface meshes of DBS electrodes 

and subcortical nuclei using the Iso2Mesh toolbox (http://iso2mesh.sourceforge.net/) as 
� /�6 30

http://www.fil.ion.ucl.ac.uk/spm/software/spm12/
https://www.nitrc.org/projects/multimodereg/
http://stnava.github.io/ANTs/
http://www.leadsuite.io
http://iso2mesh.sourceforge.net/cgi-bin/index.cgi


Running head: Connectivity profile of effective STN-DBS

included within Lead-DBS. Regions neither filled with conducting/insulating electrode 

material or grey matter were assigned to white matter. Subcortical grey matter nuclei were 

defined by the DISTAL atlas 29. Conductivities of 0.33 and 0.14 S/m were assigned to grey 

and white matter respectively 30. For the platinum/iridium contacts and insulated parts of 

the electrodes, values of 108 S/m and 10-16 S/m were used, respectively. Based on the 

volume conductor model, the potential distribution resulting from DBS was simulated using 

the integration of the FieldTrip-SimBio pipeline into Lead-DBS (https://www.mrt.uni-

jena.de/simbio/index.php/; http://fieldtriptoolbox.org). The voltage applied to the active 

electrode contacts was introduced as a boundary condition. In case of monopolar 

stimulation, the surface of the volume mesh served as the anode. Subsequently the 

gradient of the potential distribution was calculated by derivation of the FEM solution. Due 

to the used 1st order FEM approach, the resulting gradient is piecewise continuous. The 

gradient was thresholded for magnitudes above a commonly used value of 0.2 V/mm 28,31 

to define the extent and shape of the volume of tissue activated.

Connectivity estimation

Functional and structural connectivity estimates between each VTA and all other brain 

voxels were computed using two connectomes: a large normative connectome from 

healthy subjects (N = 1030) and a smaller connectome that was age, sex, and disease 

matched to our DBS patients (N = 90). 

Normative Connectome

Resting state functional connectivity data was obtained on 1000 healthy subjects using a 

3 T S i e m e n s M R I , p a r t o f t h e g e n o m e s u p e r s t r u c t p r o j e c t ( h t t p : / /

neuroinformatics.harvard.edu/gsp/) 32.  Processing included global signal regression and 

spatial smoothing at 6 mm FWHM as previously described 32. For structural connectivity, a 
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group connectome was computed based on multi-shell diffusion weighted (DSI) and T2-

weighted imaging data from 32 subjects of the Human Connectome Project at 

Massachusetts General Hospital (https://ida.loni.usc.edu/login.jsp). These data were 

acquired on a specially designed MRI scanner with more powerful gradients than available 

on conventional MRI scanners. Whole brain tractography fibersets were calculated using a 

generalized q-sampling imaging algorithm as implemented in DSI studio (http://dsi-

studio.labsolver.org). Sampling was performed within a white matter mask that was 

defined using the unified segmentation approach on T2-weighted structural acquisitions 

and that was co-registered to the b0 volume using SPM12. In each subject, two-hundred 

thousand fibers were sampled. Fiber tracts were then transformed into MNI space as 

previously described 24,33-35.

PD Connectome 

MRI data from 90 patients were obtained from the Parkinson’s progression markers 

initiative (PPMI) database (mean age 61.38 ± 10.42 SD, 28 female).  This dataset was 

also age- and sex-matched to our full cohort (69% vs. 68% women, difference in mean 

age was one year). Detailed scanning parameters can be found on the project website 

(www.ppmi-info.org). All 90 patients had diffusion-weighted scans but only 74 had resting-

state functional MRI scans. Processing of both functional and structural data was 

performed identical as in healthy subjects.

Connectivity between each VTA and voxels in the rest of the brain was estimated using the 

above connectome datasets. For functional connectivity, time series were sampled from 

voxels inside each VTA in each of the 1000 (healthy) / 74 (parkinsonian connectome) 

subjects and correlated with time series from every other voxel in the brain. These 

functional connectivity estimates were then averaged across subjects within the 
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connectome dataset. For structural connectivity, fibers traversing through the VTA were 

selected from the group connectome and projected to the volumetric space of the brain in 

2 mm isotropic resolution, denoting the number of fibers (connected to the VTA) that 

traversed through each voxel. 

Generating models of beneficial connectivity

A map of grey matter voxels was defined by thresholding the tissue probability map 

supplied with SPM12 (p > 0.2, 2 × 2 × 2 mm MNI-152 space). The (structural and 

functional) connectivity from VTAs to each voxel in this volume was calculated for each 

patient. Functional connectivity strength was expressed as averaged R-values across the 

thousand subjects. Structural connectivity strength was expressed as numbers of fiber-

tracts between VTA and cortical voxels. Functional connectivity maps were Fisher-z 

transformed before performing spatial correlations. Likewise, structural connectivity 

profiles were transformed into a Gaussian distribution following the approach of van 

Albada 36. Neither transformations (Fisher-z and van Albada approach) altered main 

results reported in this manuscript. Figure 1 summarizes methods to identify DBS 

connectivity.

We used our training dataset to evaluate different options for identifying connections 

predictive of clinical outcome.  First, the connectivity map of each VTA was weighted by 

clinical improvement (weighted average maps). Second, voxels whose VTA connectivity 

was correlated with clinical outcome were identified (R-maps). Third, we created maps of 

voxels both connected to the VTA and correlated with clinical outcome (combined maps). 

This third map was computed by masking the weighted average maps by the R-maps (R > 
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0 for positive values and R < 0 for negative values). Finally, we computed maps using 

either our normative connectome or our PD connectome.

To determine which option was best for predicting clinical outcome, we used our training 

dataset (B1-4) and a leave-one-cohort out design.  For example, we used cohorts B1-B3 to 

generate each of the above maps, then used the map to predict clinical outcome in cohort 

B4.  Clinical outcome estimates were based on the similarity between the “ideal” 

connectivity profile and the connectivity profile from each individual patient (measured 

using a Fisher-z transformed spatial correlation coefficient). This was done independently 

for structural and functional connectivity. The best model for predicting results across 

cohorts in the Berlin dataset (B1-4) was then applied to the independent Würzburg test data 

(W). 

Finally, we used the combined dataset (B1-4 + W; N = 95), and a GLM combining both 

structural and functional connectivity profiles to test i) whether the two types of connectivity 

are independent predictors for clinical outcome and ii) how much of the outcome variance 

can be explained by the two connectivity measures combined.  An initial GLM was 

computed based on connectivity estimates alone while a second GLM included relevant 

baseline clinical variables. 

 To test how robust outcome of individual patients could be predicted, the same GLMs 

were solved in a leave-one-patient-out fashion. In other words, data from 94 patients were 

used to predict the 95th patient and predicted improvement was compared to the actual 

improvement. The average prediction error was reported and three index patients were 

selected to show example results.
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Results

Our DBS cohort included 95 patients across two independent datasets (30 female, mean 

age 60.2 ± 8.0), 68 akinetic-rigid, 19 mixed and 8 tremor-dominant cases (Table 1). 

Average disease duration was 11.4 ± 4.3 years, baseline UPDRS score was 43.7 ± 13.4, 

levodopa response was 57.6 ± 18.2%, and UPDRS improvement with DBS was 47.2 ± 

22.4%.  Reduction in LEDD comparing baseline to 12 months post-DBS was 58.3 % 

(1250.0 ± 595.5 before vs. 530.7 ± 389.2 after surgery). DBS response was 

heterogeneous across the Berlin sub-cohorts, which was intentional to ensure results 

would be robust to cohort differences. 

Baseline UPDRS score was the only clinical variable predictive of DBS response in both 

the Berlin (R = 0.33, p < 0.02) and Würzburg (R = 0.35, p < 0.02) cohorts, with higher 

baseline scores predicting greater percent improvement. Age at surgery (R = -0.42, p = 

0.002) and female sex (t = 2.5, p = 0.01) were predictive in the Berlin but not the Würzburg 

cohort (p > 0.8 for both variables). Disease duration (p > 0.4), baseline Levodopa 

response (p > 0.15) and baseline LEDD (p > 0.1) were not predictive of DBS outcome in 

either cohort. 

DBS lead placement was roughly similar across our two cohorts (Figure 2). Using patient-

specific electrode locations and VTAs within the Berlin cohort (N = 51), we identified 

numerous functional and structural connections correlated with clinical improvement 

(Figure 3).  The better a patient’s DBS connectivity profile matched these maps, the better 

their clinical outcome.  This held true both on the full Berlin dataset (B1-4) as well as in a 

leave-one-subcohort out fashion (e.g. using B1-3 to estimate response in B4).  Several 

options for computing these connectivity maps were explored within the training dataset 
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(see methods). The healthy connectome data and the combined maps (overlap of the 

weighted maps and R maps) explained the greatest variance in the leave-one-subcohort 

out analysis. 

These connectivity profiles (combined maps, normative connectome) derived using the 

Berlin data were then used to predict clinical outcome in the independent Würzburg data 

(Figure 4).  Both structural connectivity (R = 0.45, p = 0.002) and functional connectivity (R 

= 0.34, p = 0.03) were significant predictors of clinical outcome in this independent dataset 

despite differences in center, surgeon, and timing of clinical assessment.

Topography of connectivity to effective DBS sites (combined maps) was highly similar 

when computed for the Berlin training dataset (N = 51), Würzburg test dataset (N = 44) 

and full dataset (N = 95; Figure 5). Anticorrelation between DBS electrodes and primary 

motor cortex (M1) as well as structural connectivity to supplementary motor area (SMA), 

superior frontal gyrus (SFG) and cerebellum was predictive of beneficial outcome in both 

datasets alone and the combined dataset.  

Both structural (p < 0.006) and functional (p < 0.007) connectivity were independent 

predictors of clinical outcome. A combined model incorporating both types of connectivity 

explained 26.2% of the clinical variance in DBS response (correlation between predicted 

and true improvements of R = 0.51 at p < 10-8). Adding clinical variables to this model 

(age, sex, and UPDRS-baseline) explained 43.4% of the variance in DBS response (R = 

0.66 at p < 10-13). In this final model, structural connectivity, functional connectivity, 

UPDRS-baseline, and sex were all significant independent predictors of DBS response (p 

< 0.05).
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In a final analysis, we explored how well we could predict outcome in individual patients 

based on connectivity of a patient’s DBS electrode. This was done on the combined (B1-4 + 

W) dataset  while leaving out the patient of question. These predictions on average 

deviated by 15.7 ± 14.2% from actual UPDRS-III improvements. For example, if a patient 

actually improved by 30%, our connectivity algorithm might predict an improvement of 45% 

or 15%. Including additional clinical variables (UPDRS-baseline, age at surgery, sex) to the 

analysis added little to the clinical predictions based on connectivity alone (mean error 

15.1 ± 11.8%). Three patients selected to illustrate a good responder with an accurate 

prediction, poor responder with an accurate prediction, and poor responder with an 

inaccurate prediction are shown in Figure 7. 

Although our normative connectome performed slightly better than our PD connectome in 

our Berlin leave-one-subcohort out analysis, there is intuitive appeal to using an age, sex, 

and disease matched connectome. We therefore repeated all analyses using this PD 

connectome and found results were highly similar. For example, functional connectivity 

between the VTA and M1 was highly correlated across patients using the normative versus 

PD connectome (R = 0.97, p < 10-7) and predicted similar variance in DBS response (R = 

0.23, p < 0.05 for normative versus R = 0.17, p < 0.05 for PD). Likewise structural 

connectivity between the VTA and SMA was highly correlated across patients using either 

connectome (R = 0.80, p < 10-7) and predicted similar variance in DBS response (R = 

0.27, p < 0.005 for normative versus R = 0.21, p <  0.05 for PD).  Finally, using the PD 

versus normative connectome to generate maps on the Berlin cohort and predict outcome 

in the Würzburg cohort gave similar results, both for functional connectivity (R = 0.34, p < 

0.03 for normative versus R = 0.44, p < 0.005 for PD) and structural connectivity (R = 0.45, 

p < 0.002 for normative versus R = 0.38, p < 0.011 for PD).     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Discussion

Four main conclusions may be drawn from this study. First, a specific pattern of structural 

and functional connectivity with STN-DBS electrodes correlates with clinical outcome 

across patients in PD. Second, structural and functional connectivity are independent 

predictors of DBS response. Third, connectivity profiles derived from one patient cohort 

can predict clinical outcome in an independent cohort from a different DBS center. Finally, 

we illustrate the potential of how connectivity profiles may be used to estimate outcome in 

single patients.

The connectivity profile of effective STN DBS

There are three major differences between the current study and prior work 

examining the connectivity profile of effective DBS, both for Parkinson’s disease 16 or other 

disorders 9,10,15,17. First, prior work focused on anatomical connectivity alone, while the 

current study included both anatomical and functional connectivity. Anatomical connectivity 

(based on diffusion MRI) has higher spatial resolution than functional connectivity (based 

on fMRI) and is thus more likely to identify differences between adjacent electrode 

contacts in the same patient 8,16. However, when predicting outcome across different 

patients with variability in electrode location, our data suggests that functional connectivity 

adds predictive value above and beyond anatomical connectivity. This is consistent with 

other work 25,33. 

Second, the current study used previously collected connectome data rather than 

connectivity data from the individual patients enrolled in the study. Connectivity profiles of 

each DBS electrode were thus dependent on the position, size and shape of the 

corresponding VTA only. This is a major practical advantage, as MRI-based connectivity 

data is not routinely acquired in DBS patients.  As such, the current study could utilize 
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large DBS cohorts across different centers (N = 95), while prior studies requiring patient-

specific connectivity have been much smaller (N < 25; 8,16). The present approach may 

prove particularly valuable for emerging DBS indications with a limited number of patients 

implanted at different centers and heterogeneity in clinical response 2,4,24,37. Such DBS 

datasets may be analyzed retrospectively even if no individual connectivity data were 

acquired. 

An interesting question is which connectome dataset is best for identifying the 

connectivity profile of effective DBS.  Normative connectomes from healthy subjects have 

the advantage of large subject numbers, excellent signal to noise, and acquisition using 

unique high-power MRI scanners specifically designed for connectivity imaging. Such 

normative connectome data has proven valuable in predicting stroke symptoms from 

patient-specific lesions 19-23, and the present study shows its value in predicting clinical 

outcome from patient-specific electrodes. In contrast, patient-based connectomes have the 

advantage of better matching the connectivity of our DBS patients. Both prior work 2,25 and 

the current results show that results are similar using normative versus patient-based 

connectomes. Finally, acquiring connectivity data in each patient provides the best 

sensitivity to individual differences, but the lowest signal to noise.  It is worth noting that 

our results are broadly consistent with a prior study of STN DBS based on patient-specific 

connectivity 16. Future work is needed to determine how to best combine the strengths of 

normative connectomes, patient-based connectomes, and connectivity data from individual 

patients. 

One final difference between the current study and prior work relates to our focus 

on reproducibility across datasets. We utilized independent cohorts from different DBS 

centers, and intentionally selected heterogeneous cohorts to ensure reproducibility. Our 

cohorts were operated on by different surgeons, had different postoperative imaging, and 

had DBS response measured in different ways. Such heterogeneity could be seen as a 
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limitation as it decreases our power for detecting significant results. However, the fact that 

our results were significant despite this heterogeneity is a major strength and should lead 

to improved reproducibility in other cohorts. To our knowledge, this is the first DBS imaging 

study to test for reproducibility of results across independent and heterogeneous cohorts.

Multi-modal confirmation

The connectivity profiles identified in the current study are consistent with prior work in PD 

patients using various modalities to identify brain regions modulated by STN-DBS 11. Brain 

regions anatomically connected and positively correlated with effective STN electrodes in 

the current study (e.g. SMA, anterior cingulate, medial prefrontal cortex) have shown 

increased activity in neuroimaging studies when STN-DBS is turned on 7. The activation of 

SMA in particular is hypothesized to occur via activation of fibers within the hyperdirect 

pathway 8,13. Atrophy in SMA and premotor cortex was also a predictor of DBS outcome in 

PD 38. Our results confirm the importance of the SMA and to a lesser extent pre-motor and 

other frontal areas in DBS response 5,8.

In contrast to the SMA, M1 was negatively correlated with effective STN DBS 

electrodes in the current study. Patients with a good response had DBS electrodes that 

were (functionally) negatively correlated to M1. Correspondingly, if DBS is activated, M1 

has been reported to show decreased activity on neuroimaging 7. These results suggest 

that functional connectivity may predict the sign of metabolic changes induced by DBS. 

Other work implicating M1 in the pathophysiology of PD includes abnormal connectivity 

between STN and M1 39 and modulation of M1 excitability by STN DBS 40.

Implications for Network-targeted stimulation

By showing that connectivity predicts the response of individual PD patients to DBS, the 

current results support the notion that targets of therapeutic brain stimulation may be brain 
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networks and not individual brain regions 2,4,9,10,14-17. As such, different network nodes may 

potentially be targeted by different stimulation modalities with similar therapeutic benefit. 

To that end, it is worth highlighting that connectivity of DBS electrodes to the two TMS 

targets shown to improve motor symptoms in PD, the SMA and M1, seems predictive of 

DBS effect in our study 41,42. These cortical maps could help refine cortical TMS targets 2,25 

or serve as the basis for multifocal arrays that can stimulate a distributed network 43.

Predicting and guiding DBS

The fact that the current connectivity profiles were robust enough to predict DBS outcome 

across cohorts and DBS centers begs the question of whether these connectivity profiles 

may have clinical utility. For example, in patients with unsatisfactory DBS response 44, the 

current algorithm may help determine whether response is appropriate to electrode 

location (possibly requiring lead revision) or due to other potentially treatable factors. For 

instance, an index patient with poor DBS-outcome for whom our model predicted good 

improvement (fig. 7, bottom row) improved to match our prediction after being treated for 

severe depression on ward 45. This case illustrates the potential of our approach, but also 

that many factors other than connectivity influence DBS response including age, baseline 

severity of PD, levodopa responsiveness, and disease subtype 38,45-47. Despite these 

factors, our purely connectivity-based model explained 26% of the variance in motor 

outcome. Adding additional clinical variables further increased the amount of variance 

explained by our model to 44%. Interestingly, levodopa responsiveness was not a 

predictor of DBS outcome in our study, consistent with other recent work 47. Whether 

additional clinical or imaging variables will predict additional variance remains to be tested. 

Limitations
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Limitations of our study include heterogeneity between subcohorts of our training dataset. 

However, this was intentional to ensure results were robust to cohort differences. Second, 

the current analysis used a widely accepted VTA model 28,31. However, more advanced 

VTA modeling approaches exist that could further improve our results 48,49. Finally, our 

study was not designed to contrast the predictive ability of connectivity with anatomy (i.e. 

Electrode/VTA location; 48,50). No prior study has shown that anatomical location alone can 

predict DBS outcome in an independent cohort, but that does not mean that anatomy 

would not have been predictive in our case. Future work is needed to understand the 

relative contribution of anatomical location and connectivity to predicting outcome.
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Tables

Table 1: Patient demographics of all (sub)-cohorts analyzed. Average values ± standard 

deviation are reported. 

(Sub)-
cohort

DBS 
center

N 
(female)

Age Disease 
duratio

n

UPDRS-
III 

Baselin
e (OFF 

medicat
ion)

Levodo
pa 

respon
se (%)

Clinical 
Assess
ment

UPRDS-
III 

Improv
ement 
(OFF 

medicat
ion; %)

LEDD 
reducti
on (%)

Postop 
Imaging

Related 
Citation

s

B Berlin 51 (18) 60.0 ± 
7.9

10.4 ± 
3.9

38.6 ± 
12.9

53.5 ± 
17.2

ON 
versus 
OFF 
stim at 
1-2 
years 
post-op

45.3 ± 
23.0 

52.8 ± 
41.6 

MRI (N 
= 45)
CT (N = 
6)

–

    B1 16 (9) 53.6 ± 
5.5

9.8 ± 
3.2

41.4 ± 
14.5

54.5 ± 
17.9

55.1 ± 
15.7

74.9 ± 
28.0 

Schuep
bach et 
al., 2013

    B2 11 (5) 66.1 ± 
4.8

10.8 ± 
4.1

36.4 ± 
12.8

48.3 ± 
19.3

37.2 ± 
22.3

45.6 ± 
36.3 

–

    B3 12 (1) 59.8 ± 
7.7

10.8 ± 
4.8

37.2 ± 
9.7

57.2 ± 
15.1

54.9 ± 
24.0

54.6 ± 
30.4 

Schmitz
-Hübsch 
et al. 
2014    B4 12 (3) 63.1 ± 

7.5
10.5 ± 
3.9

38.1 ± 
13.9

53.9 ± 
18.7

30.1 ± 
22.0

25.8 ± 
57.3 

W Würzbu
rg

44 (12) 60.4 ± 
8.2

12.6 ± 
4.5

49.6 ± 
13.6

61.8 ± 
18.4

Pre-op 
versus 
ON stim 
post-op 
at 6-12 
months 

49.3 ± 
24.8

61.4 ± 
25.1 

CT –
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Figures

�

Fig. 1: Method for identifying DBS connectivity. Processing steps include acquiring pre-/

postoperative imaging (a), localizing DBS electrodes in standard space (b), calculating the 

volume of tissue activated (VTA) based on stimulation parameters (c), then calculating 

functional (d) and structural (e) connectivity from the VTA to the rest of the brain using 

high-quality normative connectome data. Our processing stream using the connectome 

datasets defined in healthy subjects is shown and was used in all primary analyses. For 

functional connectivity, positive correlations are shown in warm colors while negative 

correlations (anticorrelations) are shown in cool colors.

�
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Fig. 2: DBS electrode localization and cohort information of training and test dataset. The 

Berlin dataset shown on the left (B1-4) was used for training and cross-validation (applying 

a leave-one-subcohort-out design). The final model was then confirmed by applying it to 

the Würzburg test dataset (W, right).

�  

Fig 3: Connectivity predictive of clinical improvement in the Berlin Training dataset.   

Results from analyses using the connectome defined in healthy subjects are shown. 

Functional connectivity (top row) and structural connectivity (bottom row) associated with 

clinical improvement was identified using a weighted average (first column), correlation 

with clinical outcome (R-maps, second column) and a combination of these two maps 

(third column). Using the combined map, clinical outcome was predicted for each patient 

using the full dataset (4th column) and leave one cohort out design (last column). Dot color  

(available in online publication) represents subcohorts as specified in fig. 2.
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�  

Fig. 4: Validation of connectivity profiles on an independent dataset. Connectivity maps 

generated using the Berlin training dataset (B1-4 combined) for both functional connectivity 

(top row) and structural connectivity (bottom row) predict clinical outcome in the 

independent Würzburg dataset. 
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Fig. 5: The topography of connectivity associated with clinical response is consistent 

across datasets. Combined maps (weighted average and R-map) based on the Berlin 

dataset (left), Würzburg dataset (middle), and both datasets together (right).
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�

Fig. 6: Clinical outcome prediction in individual patients based on DBS connectivity. 

Connectivity between individual DBS sites and the rest of the brain is shown for three 

patients using functional connectivity (left) and structural connectivity (middle). Clinical 

response (right) was predicted based on the match of each patient’s connectivity profile to 

that associated with good DBS response. Selected examples include a good responder 

with accurate prediction (top), poor responder with accurate prediction (middle), and a 

poor responder with inaccurate prediction at the primary endpoint (bottom) who later 

improved to match our prediction with treatment of depression (number in light blue).
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