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Abstract

Introduction: Structural connectivity models of the brain are commonly employed to identify 

pathways that are directly activated during deep brain stimulation (DBS). However, various 

connectomes differ in the technical parameters, parcellation schemes, and methodological 

approaches used in their construction.

Objective: The goal of this study was to compare and quantify variability in DBS pathway 

activation predictions when using different structural connectomes, while using identical electrode 

placements and stimulation volumes in the brain.

Approach: We analyzed four example structural connectomes: 1) Horn normative connectome 

(whole brain), 2) Yeh population-averaged tract-to-region pathway atlas (whole brain), 3) Petersen 

histology-based pathway atlas (subthalamic focused), and 4) Majtanik histology-based pathway 

atlas (anterior thalamus focused). DBS simulations were performed with each connectome, at four 
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generalized locations for DBS electrode placement: 1) subthalamic nucleus, 2) anterior nucleus of 

thalamus, 3) ventral capsule, and 4) ventral intermediate nucleus of thalamus.

Results: The choice of connectome used in the simulations resulted in notably distinct pathway 

activation predictions, and quantitative analysis indicated little congruence in the predicted 

patterns of brain network connectivity. The Horn and Yeh tractography-based connectomes 

provided estimates of DBS connectivity for any stimulation location in the brain, but have 

limitations in their anatomical validity. The Petersen and Majtanik histology-based connectomes 

are more anatomically realistic, but are only applicable to specific DBS targets because of their 

limited representation of pathways.

Significance: The widely varying and inconsistent inferences of DBS network connectivity 

raises substantial concern regarding the general reliability of connectomic DBS studies, especially 

those that lack anatomical and/or electrophysiological validation in their analyses.
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1. Introduction

Deep brain stimulation (DBS) is an established therapy for the treatment of movement 

disorders (Krack et al., 2019). Clinical use of DBS is also growing in the treatment of 

epilepsy (Fisher et al., 2010), and long-standing research efforts are working to create DBS 

therapies for neuropsychiatric disorders (Hitti et al., 2023). One key to the effectiveness of 

DBS is its ability to act on focal subcortical targets, but modulate neural circuits throughout 

the brain (Rosenberg, 2015). As such, a growing trend in DBS research is to use axonal 

pathway activation modeling to identify the specific brain network connections that are 

modulated during stimulation (Chaturvedi et al., 2010; Lujan et al., 2012). Associating these 

activated pathways with the generation of a specific therapeutic effect (or adverse effect) has 

utility for DBS neurosurgical targeting (Noecker et al., 2018), device programming (Hines et 

al., 2024), and mechanistic analyses (Howell et al., 2021; Seas et al., 2024). This direction 

of DBS research is facilitated by parallel advances in neuroinformatics and neuroimaging 

techniques that enable the development of structural brain connectomes, and is often referred 

to as connectomic DBS modeling (Neudorfer et al., 2023).

There are two general approaches to defining structural connectomes used in DBS analyses, 

which consist of either using patient-specific data or using a reference atlas of pathways. 

In the patient-specific approach, diffusion weighted imaging (DWI) data is collected for 

each patient. That data is then processed using a tractography algorithm to estimate 

streamlines and construct an individualized map of their structural connectivity. In contrast, 

the reference atlas approach relies on using a pre-defined connectomic model consisting 

of streamlines that were created within an atlas brain. The connectomic atlas can then be 

non-linearly warped to fit the MRI of a de novo subject to provide a semi-patient-specific 

representation of the brain connectome.
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Most early connectomic DBS studies focused on using patient-specific tractography 

approaches (Akram et al., 2017; Chaturvedi et al., 2010; Howell et al., 2019). However, this 

strategy limits analyses to patients that have pre-operative DWI data, which is not always 

available, and there is an ongoing debate about the quality of pathway reconstructions that 

can be made with clinical-grade DWI data (Petersen and McIntyre, 2023). Therefore, the 

majority of recent connectomic DBS studies have focused on using connectomic atlases. 

The appeal of connectomic atlases is their speed and simplicity. They can also potentially 

provide pathway estimates that have a higher degree of anatomical realism when compared 

to tractographic algorithms, which can struggle in focal brain regions with tortuous and 

crisscrossing trajectories (Petersen et al., 2019). In addition, the use of connectomic atlases 

help to facilitate population-based statistical analyses and group-level inferences (Neudorfer 

et al., 2023).

While connectomic atlases serve as models of brain connectivity, individual atlas options 

vary in the technical parameters of their construction, parcellation schemes, and level of 

anatomical annotation. For example, normative connectomes (Elias et al., 2022; Horn et 

al., 2017) are composed of millions of streamlines without any anatomical labeling and 

essentially serve as population-averaged whole brain tractograms. Alternatively, large-scale 

pathway atlases (Radwan et al., 2022; Yeh, 2022; Zhang et al., 2018) organize and segment 

tractography streamlines into annotated white matter bundles. Meanwhile, histology-based 

pathway atlases (Adil et al., 2021; Majtanik et al., 2022; Petersen et al., 2019) incorporate 

traditional anatomical datasets to more accurately map pathways in focal brain regions. 

Previous studies have analyzed the variability in pathway estimation due to differences 

in image acquisition (Maier-Hein et al., 2017), tractographic algorithm (Schilling et al., 

2021), and reconstruction methodology (Petersen and McIntyre, 2023). However, variability 

in the predicted pathway activation to DBS in different connectomes remains to be fully 

investigated.

The goal of this study was to provide a side-by-side comparison of connectomic DBS 

simulations from different connectomic atlases in a variety of DBS targets. In particular, 

we quantified and compared variations in the predicted DBS pathway activation when using 

four popular connectomic atlases, using identical DBS electrode placements and stimulation 

volumes in the brain. The results reveal that the choice of connectome has a major impact on 

the predicted pattern of DBS network connectivity, and highlights some of the many caveats 

associated with connectomic DBS analyses.

2. Methods

2.1. Connectomic atlases

The analyses focus on four popular, yet characteristically different, structural connectomic 

atlases. The Horn normative connectome (Horn et al., 2017), derived from healthy young 

subjects of the Human Connectome Project (HCP) (Setsompop et al., 2013). The Yeh 

HCP1065 population-averaged tract-to-region atlas (Yeh, 2022), derived from healthy young 

HCP subjects (Yeh et al., 2018). The Petersen histology-based pathway atlas (Petersen et 

al., 2019), specifically designed to represent the subhtalamic nucleus (STN) region. The 

Majtanik histology-based pathway atlas (Majtanik et al., 2022), specifically designed to 
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represent the anterior nucleus of thalamus (ANT) region. The characteristic features of each 

atlas are summarized in Table 1.

To allow for a direct and consistent comparison across atlases, streamlines from every atlas 

were preprocessed by first converting them from their natively available software formats 

(Table 1) into .vtk polygonal data format, which is compatible with StimVision (Noecker et 

al., 2021). Format conversion was performed using custom written Python scripts, to ensure 

that the streamline integrity was completely preserved during conversion. The streamlines 

were then non-linearly warped and registered to the high-resolution (0.7 mm isotropic 

voxels) CIT168 (Pauli et al., 2018) standard reference brain using Advanced Normalization 

Tools (ANTs) (Avants et al., 2011). Finally, we restricted our analysis to the left hemisphere 

of the brain, and correspondingly reduced the total number of streamlines within each 

connectomic dataset (Table 1) by discarding any streamlines not within the left hemisphere.

2.2. Connectomic DBS simulations

We considered four clinically relevant locations (Table 2) for DBS electrode placement in 

the left hemisphere of the brain: 1) subthalamic nucleus (STN), 2) ventral capsule (VC), 

3) anterior nucleus of thalamus (ANT), and 4) ventral intermediate nucleus of thalamus 

(VIM). These location choices correspond to commonly used surgical targets for DBS in 

the treatment of Parkinson’s disease, epilepsy, obsessive-compulsive disorder, and tremor, 

respectively (Fig. 1). DBS at the different surgical targets was simulated using StimVision 

(Noecker et al., 2021).

There are many different methods for estimating the “volume of tissue activated” by DBS 

as a function of the stimulation parameter settings (Butson and McIntyre, 2006). However, 

the nuances of those differences have been covered elsewhere (Gunalan et al., 2018) and 

are not directly relevant to the differences in connectomes. Therefore, to perform the 

simplest comparison of connectomes possible we elected to use generic spheres to represent 

activation volumes around the DBS electrode. Results are presented with activation spheres 

centered on the 2nd level of contacts on a 2202 DBS electrode (Boston Scientific).

Streamline activation was estimated at each target location, with each connectomic atlas, 

using overlap with a range of spherical activation volumes (Fig. 1). The center of each 

activation sphere was coincident with the center of the active contacts of the electrode, while 

the radius of the sphere was linearly increased from 0.5 mm to 6 mm. A streamline was 

categorized as activated if it passed through the activation sphere. For general reference, 

activation spheres of radii 2 mm or 5 mm would be loosely representative of the stimulus 

spread associated with ~3 mA, 60 μs or ~7 mA, 60 μs monopolar (cathodic) DBS, 

respectively (Gunalan et al., 2018).

Our streamline activation estimates incorporated realistic levels of uncertainty with regard to 

DBS electrode positioning at each target location (i.e., STN, VC, ANT, VIM). To simulate 

positional uncertainty, we moved the DBS electrode around the stimulation site (Table 2, 

Fig. 1d) in a 3 × 3 × 3 cubic grid pattern with 27 points, each spaced 1 mm apart from each 

other (Bower et al., 2023). For each activation sphere radius evaluated, streamline activation 

at each target location was calculated 27 times by successively moving the center of the 
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sphere to each corresponding point on the grid. The overall percentage of pathway activation 

at a given target location was then calculated by averaging the streamline activation count 

across all 27 points, and dividing it by the total number of streamlines in the connectome. 

The specific pathway activation percentage was similarly calculated by dividing the average 

(across all 27 points) number of activated streamlines within a given annotated pathway 

by the total number of streamlines within that pathway. Finally, recruitment curves were 

constructed for each target location by incrementally increasing the radius of the activation 

sphere from 0.5 to 6.0 mm (in steps of 0.5 mm), and recording the resultant percentage 

activation at the given radius.

2.3. Estimating connectivity profiles

To facilitate a standardized comparison of DBS connectivity across connectomes, we 

parcellated the left hemisphere cortex of the CIT168 brain into 34 regions of interest (ROI) 

(supplementary Fig. S1) using the Desikan-Killiany cortical atlas (Desikan et al., 2006). 

Parcellation was performed using the automated volumetric segmentation tool in FreeSurfer 

(Fischl, 2012), allowing each voxel in the cortex to be assigned a corresponding ROI label.

For a given activation sphere, connectivity between the DBS target (i.e., STN, VC, 

ANT, VIM) and a cortical ROI was determined by checking if either endpoint of an 

activated streamline terminated within that ROI. A frequency distribution was generated 

by counting the number of activated streamlines terminating at each ROI. The proportion of 

streamlines projecting to each ROI was calculated by dividing the frequency counts within 

the distribution by the total number of activated streamlines. Finally, activation-dependent 

connectivity profiles for each target location were constructed by repeating this process 

using the activation spheres at each of 27 points (on the cubic grid) as a seed, and then 

taking the average (across all 27 points) proportion of activated streamlines projecting to 

each ROI.

2.4. Quantifying variability in DBS connectivity

For quantitative analyses, we employed four different statistical measures to compare the 

variability in pathway activation across the connectomes at each DBS target. These measures 

include: 1) the volume-based Dice overlap coefficient (Dice, 1945), 2) the streamline-based 

bundle adjacency score (Chandio et al., 2020), 3) the Jensen-Shannon information-theoretic 

distance metric (Endres and Schindelin, 2003), and 4) the weighted degree centrality 

(Candeloro et al., 2016).

The Dice overlap coefficient was used to measure overall volume similarity between 

activated streamlines based on voxel overlap. Dice overlap is a common evaluation metric 

for measuring the similarity between two sets (bundles) of streamlines (Rheault et al., 

2020; Schilling et al., 2021), and is equal to twice the intersection of the two sets divided 

by the sum of the sizes of the two sets. Dice overlap was calculated by converting the 

streamlines into their voxel representation (i.e. a binarized mapping of all voxels that contain 

a streamline) which was done using ‘density_map()’ function of the DIPY Python library 

(Garyfallidis et al., 2014). The volume Dice overlap is a value between 0 and 1, where 1 

indicates perfect overlap and 0 no overlap.

Mehta et al. Page 5

Neuroimage. Author manuscript; available in PMC 2025 May 20.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Bundle adjacency measures shape similarity between two sets of streamlines, based on the 

average distance between the streamlines in each set (Chandio et al., 2020; Garyfallidis et 

al., 2012). Given two streamline sets X and Y, a streamline in set X is considered to be 

‘adjacent’ to set Y, if there is at least one streamline in Y that is closer than a threshold 

distance θ > 0 mm. The distance is calculated using all points on the streamlines, thus 

factoring in the overall length and trajectory of the streamlines. The bundle adjacency score 

ranges between 0 and 1, with a lower score indicating lower shape similarity. The score is 0 

when no streamlines in either set X or Y are adjacent to each other, and 1 when they are all 

adjacent. The results presented in our analysis use a threshold distance of θ = 6 mm, which 

equals the maximum radius of the activation sphere.

Jensen-Shannon distance (JSD) was used to measure the similarity between a pair of 

connectivity profile distributions. JSD is a measure of symmetric divergence between two 

probability distributions, and equals the square root of the Jensen-Shannon divergence (Lin, 

1991; Nielsen, 2019). JSD is applicable for categorical distributions, even when some 

probabilities are zero, making it well suited for comparing the cortical connectivity profiles. 

JSD is also bounded between 0 and 1, with a value of 1 when the two distributions are 

disjoint, and 0 when the two distributions are identical. Note that for easier readability 

alongside the other similarity measures used in this work, we report the 1-JSD value (i.e. 

smaller values indicate greater dissimilarity). The Fisher’s exact test was used to test for 

statistical significance under the null hypothesis that there is no difference between the 

two distributions (i.e. distribution of streamlines across the ROIs is the same for the two 

connectomes being compared). The p-value was computed using the ‘fisher.test()’ function 

in R (https://www.R-project.org/), using a Monte Carlo simulation with 10,000 replications.

The weighted degree centrality (WDC) metric (Candeloro et al., 2016) was used to measure 

the overall cortical connectivity of a DBS target within each connectome variant. WDC 

measures how “well--connected” a DBS target is by assigning it a score based on 1) the 

number of ROIs it connects to, and 2) the distribution of streamlines across the connecting 

ROIs. WDC is calculated by treating the DBS target location and ROIs as nodes on a 

network, and the proportion of activated streamlines projecting to the ROIs as connection 

weights. The WDC score equals the number of direct connections when the weights are 

uniformly distributed, and proportionately reduces as the weight distribution shifts away 

from uniform. A simple example illustrating the application and utility of WDC to measure 

the connectivity of a DBS target is provided in supplementary materials (Fig. S2).

3. Results

3.1. Pathway activation across connectomes

This study compared variations in the DBS pathway activation as predicted by the 

Horn, Yeh, Petersen, and Majtanik connectomes, respectively. To isolate other factors of 

variation in the DBS model, electrode locations and stimulation volumes were kept constant 

across each example connectomic atlas. Fig. 2 provides a visual example of the activated 

streamlines predicted with the different connectomes at the different target locations, all 

using an identical 3 mm radius activation sphere at the central stimulation site for each DBS 

target (Table 2). Side-by-side comparison of the DBS predictions highlight the variations in 

Mehta et al. Page 6

Neuroimage. Author manuscript; available in PMC 2025 May 20.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://www.R-project.org/


the trajectory, density, and connectivity of the activated streamlines within each connectome, 

across the various DBS targets. The diversity and extent of pathway activation differences 

are quantified in the pathway recruitment curves (Fig. 3). The results demonstrate that the 

variations persisted for activation spheres of every size (0.5 to 6 mm). A similar side-by-

side visualization comparing streamline activation for a 5 mm radius activation sphere is 

provided in supplementary materials (Fig. S3).

The Horn connectome exhibited wide-ranging streamline activation at all DBS locations, but 

the lack of anatomically defined tracts adds a layer of challenge in inferring the activated 

connectivity. The Yeh connectome provided estimates of whole-brain connectivity from 

DBS at any location with annotated pathway designations, but lacks finer anatomical details. 

The Petersen connectome was only applicable to the STN, VC, and VIM targets because of 

its limited representation of pathways, while the Majtanik connectome was similarly only 

applicable to the ANT target. The histology-based connectomes (Petersen and Majtanik) 

also had a significantly higher percentage of pathway activation for the same stimulation 

volume (Fig. 3), but given the relative differences in the size of each connectome, 

the number of streamlines activated within each connectome remained comparable. For 

example, a 3 mm activation sphere in the STN had an average streamline activation count 

of 5090±1488, 1094±202, and 1584±214, for the Horn, Yeh, and Petersen connectomes, 

respectively.

Visual inspection of the activated streamlines across the different connectomes suggests that 

STN DBS connectivity exhibits the greatest discrepancies. For example, the tractography-

based connectomes (Horn and Yeh) exhibit a strong anterior projection bias in their 

representation of the posterior limb of the internal capsule (Fig. 2). However, these 

trajectories are not consistent with anatomically documented connectivity of the motor 

system with the subthalamic region (Archer et al., 2018; Petersen et al., 2019; Plantinga et 

al., 2018). In addition, finer details associated with activating smaller pathways within the 

basal ganglia are available with the Petersen connectome, but absent with the Horn and Yeh 

connectomes. As such, those basal ganglia pathways represent examples of false negative 

results for the tractography-based connectomes.

Visual inspection of the VC DBS results shows some general consistencies across 

connectomes. They all show activation of projections anteriorly to the ventral pre-frontal 

cortex, as well as posteriorly into the brainstem. The Horn and Yeh connectomes also 

highlight activation of projections into the occipital and temporal lobes, primarily via 

streamlines associated with the anterior commissure. In contrast, construction of the 

Petersen connectome did not account for the anterior commissure, and hence represent 

examples of false negative results for that connectome.

Visual inspection of the ANT DBS results also show some general consistencies across 

connectomes with common predictions of anteriorly projecting streamlines into the 

prefrontal cortex, as well as activation of the fornix. The Horn and Majtanik connectomes 

both show some activation of the inferior thalamic peduncle and connectivity with the 

temporal lobe, but these projections are lacking in the Yeh connectome. One area of 

discrepancy is the prominent activation of projections to cingulate cortex in the Majtanik 
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connectome, which are lacking in both the Horn and Yeh connectomes. This pathway likely 

represents a false negative result for the tractography-based connectomes.

Visual inspection of the VIM DBS results reveal some similarities across connectomes, with 

all showing an activation of projections posteriorly to the cerebellum. Additionally, both the 

Horn and Yeh connectomes show common predictions of activation dorsally to the motor 

cortex, as well as into the brainstem. However, the tractography connectomes consist of 

activated streamlines that run continuously from motor cortex, through the thalamus, and 

into the cerebellum. Anatomically, these streamlines are actually two separate pathways, 

consisting of the cerebellothalamic and thalamocortical projections, respectively. As such, 

the Petersen connectome shows no direct cortical activation with VIM DBS because it does 

not have representation of the thalamocortical pathway.

3.2. Patterns of DBS cortical connectivity

To better characterize pathway activation variability across the connectomes, we constructed 

activation-dependent cortical connectivity profiles from each DBS target location. The 

connectivity profiles were estimated by first parcellating the CIT168 brain into 34 cortical 

ROIs (Fig. 4, supplementary Fig. S1), and then calculating the distribution of activated 

streamlines terminating at each ROI. We then used profile-plots to represent the proportion 

of activated streamlines that project to the indicated ROI, across the different DBS targets 

(Fig. 4, supplementary Fig. S4). The connectivity profiles reveal low agreement across the 

connectomes, in terms of their predictions of which cortical territories are connected to a 

DBS target. Even for cases when the connectomes predicted a DBS target projecting to the 

same ROIs, the distribution of representative streamlines across these ROIs was substantially 

different (Fig. 4, supplementary Fig. S4).

For STN DBS, the connectivity pattern of the Petersen connectome was notably different 

than the tractography-based connectomes (Fig. 4). For example, the activated streamlines of 

the Petersen connectome were more uniformly spread across motor cortical regions, while 

the Yeh (83.9 %) and Horn (84.0 %) connectomes primarily connected to the superior 

frontal gyrus. However, the most striking result was that for a given activation sphere of 3 

mm, the Yeh connectome had 0 %, and the Horn connectome had only 4.8 % of its activated 

streamlines connecting to the primary motor (precentral) region in the brain. In comparison, 

the Petersen connectome had about 34.0 % of its activated streamlines projecting to the 

precentral ROI.

For VC DBS, the Horn connectome projected to a substantially greater number (16) of 

ROIs than either the Yeh (8) or Petersen (5) connectomes (Fig. 4). The Petersen and 

Yeh connectomes projected predominantly to the medial orbitofrontal (92.7 %) and lateral 

occipital (59.8 %) regions, respectively. Alternatively, the Horn connectome had streamlines 

widely dispersed across all of its connecting ROIs.

For ANT DBS, while all connectomes had streamlines projecting to the prefrontal cortex, 

they varied in the proportion of streamlines distributed across the connecting ROIs (Fig. 

4). The Yeh connectome projected primarily to rostral middle frontal (51 %), the Horn 

connectome to pars orbitalis (37 %) and superior frontal (32 %), while the Majtanik 
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connectome to rostral middle frontal (39 %) and lateral orbital frontal (28 %). Also, while 

the Yeh and Horn connectomes had almost no streamlines projecting to medially located 

regions in the brain, the Majtanik connectome had medial connections to the frontal pole (11 

%), medial orbital frontal (5 %), and caudal anterior cingulate (5 %).

For VIM DBS, the Petersen connectome had no streamlines projecting to the cortex 

for the given activation sphere of 3 mm, due to its lack of thalamocortical pathways 

(Fig. 3). Both the Horn and Yeh connectomes had an overwhelming majority of 

streamlines (> 92 %) projecting to the superior frontal and precentral gyrus, however, 

the proportion of streamlines distributed across these two ROIs was inversely distributed 

within each connectome (supplementary Fig. S4). Specifically, the Horn connectome 

projected predominantly to superior frontal (61 %), while the Yeh connectome projected 

predominantly to precentral (67 %).

3.3. Quantifying variability in DBS connectivity

To quantify and compare pathway activation variability across different atlases, we 

calculated the Dice overlap coefficients and bundle adjacency scores at each target location 

(Fig. 5). The median Dice overlap coefficients were largely in the range of 0.1 and 0.2 

for all DBS targets, indicating very low agreement between the activated streamlines of 

the different connectomes. As a voxel based measure, Dice overlap is sensitive to the 

spatial spread and number of activated streamlines in each set. Consistent with this fact, the 

Dice overlap coefficients between the wide-ranging normative connectome and the region-

focused histology-based connectomes were the lowest (and also had the least interquartile 

spread) across all three target locations. The volume similarity between the Majtanik and 

Yeh connectomes was the highest among all compared pairs, with a median Dice overlap of 

0.28 for ANT DBS.

The median bundle adjacency scores were <0.65 for all DBS targets, indicating low to 

moderate agreement in the shape of activated streamlines between connectomes (Fig. 

5). The bundle adjacency score can intuitively be interpreted as the likelihood that the 

streamlines within the two sets being compared are samples from a common superset. For 

example, the Petersen and Yeh connectomes were completely dissimilar in shape, with a 

median bundle adjacency of <0.02 for the STN, VC, and VIM targets. In comparison, while 

also being histology-based, the Majtanik connectome showed much higher similarity to Yeh, 

with a median bundle adjacency of 0.37 for ANT DBS. The bundle adjacency metric also 

favored the high spatial spread and number of activated streamlines in the Horn normative 

connectome (which was penalized by the Dice coefficient analyses), as observed by the 

relatively higher scores involving the Horn connectome. The Horn and Yeh connectome had 

the highest median bundle adjacency among all compared pairs (0.65 for VIM DBS and 0.49 

for VC DBS).

We used the Jensen-Shannon distance (JSD) to quantify the divergence between the 

activation-dependent connectivity profiles of different connectomes (Fig. 6). Given an 

activation sphere radius, and target location, JSD was calculated pairwise between the 

connectivity profile distribution of each connectome (Fig. 6a). For easier interpretability 

we report the 1-JSD value and refer to it as the Jensen Shannon similarity (JSS) score. 
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The connectivity profile distributions were also found to be significantly different, p < 

0.001 for all pairs compared, estimated using the two-tailed Fishers exact test. With two 

exceptions, the median JSS scores were <0.3 for all DBS targets, indicating significant 

variability in the cortical distribution of streamlines across connectomes. The exceptions 

were the scores between Horn and Yeh connectomes for STN DBS (median JSS of 0.45) and 

VIM DBS (median JSS of 0.42). Notably, each of these exception cases was characterized 

by a skewed distribution in which the overwhelming majority of streamlines (>84 %) in 

both connectomes projected to just one or two ROIs (Fig. 6a, supplementary Fig. S4). VC 

DBS exhibited the overall lowest JSS across all targets, especially between the Petersen and 

Yeh connectomes (median JSS of 0.01), indicating that streamlines in these connectomes 

projected to exclusively different cortical ROIs.

We used the weighted degree centrality (WDC) metric as a summary statistic to quantify 

the overall cortical connectivity of a DBS target for a given connectome (Fig. 6). A higher 

WDC score indicates a dense network of activated streamlines spread across several cortical 

ROIs, while a low WDC score indicates sparse and/or heterogeneous DBS connectivity (i.e., 

just a few ROIs account for a majority of the streamlines). It is important to note however, 

that WDC solely measures connection strength and reveals no information regarding the 

anatomical accuracy of the connection. The WDC measure is therefore susceptible to being 

impacted by false-positive connections which can inflate WDC, or under-representation of 

actual pathways (i.e. false-negative connections) which can lower WDC. In theory, an ideal 

connectomic resource would have a high WDC score across all target locations, while also 

being anatomically accurate (shown as a green triangular region in Fig. 6c).

VC DBS in the Horn connectome exhibited the highest WDC score (8.4 ± 4.6) across 

all connectomes and target locations. However, unannotated whole brain connectomes are 

known to contain a high number of false-positive connections (Maier-Hein et al., 2017), 

and our example results with STN DBS and ANT DBS also highlight the false-positive 

nature of the Horn connectome (Fig. 2). Other high WDC scores included STN DBS (3.7 ± 

1.8) for the Petersen connectome and ANT DBS (4.0 ± 2.0) for the Majtanik connectome, 

consistent with the fact that the pathways in the Petersen and Majtanik connectome were 

explicitly designed for the subthalamic region and the anterior thalamic region, respectively. 

Both the Yeh and Horn connectomes had noticeably lower WDC scores for STN DBS, 

indicating an under-representation of pathways to ROIs other than prefrontal cortex (Fig. 

4). VIM DBS exhibited the lowest overall scores (mean WDC < 2.0) indicating localized 

cortical connectivity to the sensorimotor areas in the Horn and Yeh connectomes, and the 

lack of thalamocortical pathway representation in the Petersen connectome. Interestingly, 

ANT DBS scores for the Yeh and Horn connectomes were nearly identical, since WDC 

only factors in the connection weights and not the specific ROIs to which the DBS target is 

actually connected (see supplementary Fig. S4).

4. Discussion

The structural connectome is the fundamental base of most connectomic DBS modeling 

analyses. However, side-by-side comparison of the predicted DBS pathway activation 

showed that results can vary substantially depending on the choice of connectome used 

Mehta et al. Page 10

Neuroimage. Author manuscript; available in PMC 2025 May 20.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



in the analysis. While each connectome has its own strengths and weaknesses, they each 

resulted in differing connectivity profiles for identical DBS conditions in four common 

DBS targets. The activated streamlines projected to notably different areas of the brain 

in each case. Quantitative analysis indicates significant variability in the volume (median 

Dice overlap < 0.3), shape (median bundle adjacency < 0.65), and cortical distribution 

(median JSS < 0.45, p < 0.001) of streamlines between connectomes. This variability 

can lead to inconsistent and potentially erroneous inferences of DBS target connectivity, 

even when all other sources of variation such as electrode localization, activation model, 

and patient-specific factors are eliminated. Given that these inconsistencies stem from the 

connectome, the general validity of “connectomic DBS” analyses must be questioned unless 

there has been stringent anatomical and/or electrophysiological validation of the underlying 

connectome model used in a given study.

The aim of this study is not to detract from the potential scientific utility of connectomic 

atlases, but instead highlight that connectomic DBS is a relatively new subfield of research 

whose rapid growth in clinical popularity has outpaced the necessary steps of rigorous 

validation for its modeling components. This unfortunate fact has been consistently noted 

for many years, first at the DBS electric field level (Chaturvedi et al., 2010), then at the 

pathway activation level (Gunalan et al., 2018), and here at the connectome level (Fig. 4). 

Consequently, inferences derived from connectomic DBS studies often exhibit a degree of 

optimism that exceeds what the biophysical modeling strategy and underlying connectomic 

data can robustly substantiate (e.g. Hollunder et al., 2024; Li et al., 2020). Alternatively, the 

results of this study suggest that the field of connectomic DBS needs to take a step back and 

first focus on identifying and/or developing anatomically validated structural connectomes 

for specific brain targets of interest. Such tools are beginning to become available for 

the STN (Petersen et al., 2019), ANT (Majtanik et al., 2022), and brainstem (Adil et al., 

2021). In addition, major investments from the NIH BRAIN CONNECTS program are 

providing the scientific foundations to facilitate creation of many more histology-based 

pathway atlases in the human brain.

The few studies (Hollunder et al., 2024; Li et al., 2020) that have previously investigated 

connectome bias in DBS analyses have done so in the limited context of comparing the 

connectome’s ability to correlate with clinical outcomes. For instance, Li et al. (2020) 

repeated their OCD DBS analysis using a normative connectome constructed from 985 

HCP subjects, as well as the Petersen connectome. They identified streamlines within 

both connectomes that showed similar correlation scores (R-values) to positive patient 

outcome, but for completely different pathways. The normative connectome predicted 

primary connectivity to the ventrolateral and medial prefrontal cortex, while the Petersen 

connectome predicted primary connectivity to the dorsal anterior cingulate cortex (dACC). 

A similar approach was employed by Hollunder et al. (2024) for STN DBS where 

they analyzed four connectomes, including the 985 HCP normative connectome, Petersen 

connectome, an amended Yeh connectome, and a patient-specific connectome. However, the 

authors largely overlooked the differing cortical connectivity exhibited by each connectome 

(Fig. 4), and instead focused on the similar R-values that each connectome showed with 

respect to explaining variance in clinical outcomes. However, the ability of a connectome 

to predict clinical outcome is not an indicator of its anatomical accuracy (Dembek et al., 
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2022), and nor are similar correlation scores for connectomes an indicator of similar DBS 

connectivity.

Our analyses suggest that the noble goal of creating a single whole brain connectome from 

HCP datasets (e.g. Yeh, 2022), and then using it in DBS research appears to be somewhat 

premature (Coenen et al., 2019). This is because the best approach for estimating and 

annotating pathway trajectories in the human brain remains a daunting challenge from DWI 

data alone (Maier-Hein et al., 2017; Schilling et al., 2021). The variability arising from just 

the choice of bundle-segmentation protocol alone can be greater than the variability due 

to either acquisition, registration, or patient-specific variability (Schilling et al., 2021). For 

example, our results show that the streamline variability due to the choice of connectome 

(i.e. median volume Dice overlap < 0.3 (Fig. 5)) matches the DWI protocol variability 

results reported in Schilling et al. (2021). Given the lack of standardization in tractography, 

combined with the connectomic DBS prediction variability exhibited in this study, there 

remains a critical need to first rigorously validate if in silico computational models of brain 

connectivity actually provide a reliable surrogate for in vivo brain anatomy (Yendiki et al., 

2022).

One potential way to bridge this gap between in silico and in vivo is to first use 

anatomically realistic connectomes and then evaluate the accuracy of the model-based 

DBS predictions by using cortical evoked responses as a biomarker of pathway activation 

(Adkinson et al., 2022; Howell et al., 2021; Schmidt et al., 2020; Seas et al., 2024). 

For example, electrocorticography (ECoG) confirmation of the motor hyperdirect pathway 

(HDP) activation during STN DBS has been reported by Miocinovic et al. (2018). Those 

authors found the presence of evoked potentials to be the highest in the primary motor 

(M1) and premotor areas, and that the amplitude of the M1 potential was predictive of 

the final therapeutic stimulation contact used for the patient. In contrast, in silico studies 

employing normative connectomes for investigating STN DBS in patients with PD, have 

primarily reported a positive therapeutic effect from the activation of STN to premotor 

pathways, but importantly a (null) or negative effect from the activation of STN to M1 

pathways (Hollunder et al., 2024; Wang et al., 2021). The likely reason for this contrarian 

in silico result is the strong anterior projection bias in the tractography-based (Yeh and 

Horn) connectomes for STN DBS (Figs. 2, 4), and the lack of an anatomically defined 

hyperdirect pathway that accurately captures the M1 to STN connectivity (Petersen et al., 

2019). Alternatively, ECoG potentials recorded during STN DBS have been used to validate 

the motor HDP and corticospinal/bulbar pathway activations predicted by DBS modeling 

with the Petersen connectome (Howell et al., 2021).

Stereo-electroencephalographic (sEEG) recordings have also been used to evaluate the 

predicted DBS connectivity for VC DBS with patient-specific probabilistic tractography 

(Adkinson et al., 2022). The regions that registered the most prominent evoked potentials 

were the ventral (both ventrolateral and ventromedial) prefrontal cortex (vPFC), medial 

orbitofrontal cortex (mOFC), and the anterior cingulate cortex (ACC). Despite growing 

evidence towards ACC involvement in VC DBS, in silico modeling using normative 

connectomes (Baldermann et al., 2021; Li et al., 2020), as well as patient-specific 

tractography (Adkinson et al., 2022; Widge et al., 2021), have yet to adequately isolate 
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VC pathways linking to ACC. However, this track is defined in the histology-based Petersen 

connectome (Petersen et al., 2019) and its activation was correlated with thereapeutic benefit 

in supplemental analyses by Li et al. (2020). Further, while several studies have implicated 

the importance of pathways connecting vPFC as important to OCD response (Baldermann et 

al., 2021; Mosley et al., 2021), there remains ambiguity on whether the activation of these 

pathways have a positive or negative association to therapeutic outcome (Widge et al., 2021). 

Our results partially illuminate these underlying structural inconsistencies, with VC DBS 

eliciting significant differences between connectomes in their distribution of representative 

streamlines to each of the aforementioned regions, vPFC, mOFC and ACC (Fig. 4). In fact, 

out of the three DBS targets analyzed, VC DBS had by far the highest variability in cortical 

connectivity across connectomes, with a median JSS < 0.12 (Fig. 6).

Several recent studies have implicated the cerebellothalamic tract (CBT, also referred to as 

the dentatorubrothalamic tract) as a key modulation target for effective tremor reduction 

in VIM DBS (Brinda et al., 2023; Coenen et al., 2020; Middlebrooks et al., 2022). 

However, accurate tractographic reconstruction of the decussating fibers in the CBT remains 

a challenge, as does the connectivity profile mapping of the thalamocortical pathways 

associated with the VIM, especially in clinical DWI datasets with poor signal-to-noise ratio. 

Therefore, experimental analyses are needed to better understand the network effects of 

VIM DBS. Magnetoencephalography (MEG) experiments (Hartmann et al., 2018) have 

demonstrated that the cortical responses evoked during VIM DBS are predominantly 

localized to the primary motor (M1) and somatosensory (S1) cortex. However, a recent 

ECoG study (Conner et al., 2024) found no early response in the M1 at normal clinical 

DBS ranges for direct CBT stimulation. As such, that study did not support the connectomic 

DBS predictions of direct axonal connections from the stimulation site to M1, suggesting 

that M1 modulation by VIM DBS was the result of intermediary connections (most likely 

through synapses in the VIM). Meanwhile, connectomic DBS modeling studies (using 

patient-specific, as well as normative data) have been widely used in attempts to identify 

cortical areas that are associated with effective clinical targeting in VIM DBS. Some 

studies (Middlebrooks et al., 2018, 2021) have identified connectivity with pre-motor / 

supplementary motor areas as significant predictor for effective tremor suppression, while 

other similar analyses (Akram et al., 2018; Al-Fatly et al., 2019; Grimm et al., 2025) have 

identified connectivity to M1 and S1 as being more relevant to clinical outcome. These 

inconsistencies can be at least partially explained with our analyses (Fig. 4), and the role of 

connectome selection on the simulated results. For example, while both the Horn and Yeh 

connectomes projected predominantly to the sensorimotor cortices (mean WDC < 2.0) with 

VIM DBS, they varied substantially in their distribution of streamlines across the superior 

frontal (parts of the SMA) and precentral (M1) gyrus (Fig. 4).

Accurate structural connectomic modeling for ANT DBS also remains an ongoing 

challenge (Grodd et al., 2020; Majtanik et al., 2022). One major reason being the 

variability and complexity of the possible pathways implicated in the epileptogenic network 

(Middlebrooks et al., 2020; Osorio et al., 2021). These include the mammillothalamic and 

the thalamocingulate tracts (Schaper et al., 2020; Weininger et al., 2019), which were 

synthetically reconstructed in the Majtanik connectome (Fig. 3), but are typically absent in 

population-averaged tractography connectomes, including the Horn and Yeh connectomes. 
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So far, electrophysiological validation analyses remain to be attempted for connectomic 

ANT DBS models, or almost any other DBS target in the brain. Nonetheless, despite the 

technical and logistic challenges of measuring intracranial electrophysiology during DBS, 

these recordings provide a much needed benchmark to help verify if connectomic DBS 

modeling predictions have any legitimacy.

4.1. Limitations

There are several limitations and constraints applicable to the analyses presented in this 

study. For example, our results provided a side-by-side comparison of the variability across 

connectomes, but they offer no insight as to whether the predicted pathway activation of 

one connectome is more accurate than another, or if these connectomes each capture unique 

partial aspects of the true underling connectivity in the brain. As discussed above, these 

factors need to be validated by independent anatomical and/or electrophysiological analyses. 

Unfortunately, the vast majority of connectomic DBS studies published in the clinical 

literature have failed to perform those validations (Neudorfer et al., 2023), and as such, 

substantial skepticism is warranted on their conclusions. Some of the other limitations of our 

study include: 1) the use of a single reference brain that does not necessarily represent the 

anatomy of an individual subject brain (Pauli et al., 2018); 2) the use of spherical activation 

volumes that do not incorporate detailed biophysical properties of neural activation such as 

fiber diameters, tissue anisotropy, or polarity configurations (Howell et al., 2019); 3) the 

relatively small sample size of four connectomes and four DBS target regions; and 4) the 

derived cortical connectivity estimates depend on the ROI parcellation scheme. In addition, 

no single measure can capture all dimensions of variability in a complex network. Instead, 

we employed a combination of similarity (Dice, bundle adjacency), information-theoretic 

(JSD), and network analysis (WDC) metrics to capture different aspects of heterogeneity in 

network connections.

4.2. Conclusion

There is no denying the potential scientific utility, or clinical excitement, associated with 

connectomic DBS analyses, and they are poised to provide many important insights into the 

network effects of DBS therapy. However, the technical details of the model systems need to 

be properly vetted to meet the scientific demands of the desired analyses. Unfortunately, the 

connectomic DBS literature has prematurely relied on connectomes that lack independent 

anatomical and/or electrophysiological validation. As such, identical DBS simulations with 

different connectomes generate highly inconsistent results. These issues substantially reduce 

confidence in a generally promising DBS research strategy. In turn, there appears to be much 

work remaining in the creation of accurate human connectomes for DBS research.
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Fig. 1. 
DBS targets. (a) Electrode placement for each of the four DBS targets localized within 

the CIT168 standard brain. (b) Streamline activation was estimated using overlap with a 

spherical activation volume (shown here for an example activation volume radius of 3 mm at 

the STN target). (c) The center of the activation volume was coincident with the center of the 

active contacts of the electrode. (d) A 3 × 3 × 3 grid of 27 points, each spaced 1 mm apart, is 

used to simulate the effects of electrode location uncertainty for each DBS target.

Mehta et al. Page 20

Neuroimage. Author manuscript; available in PMC 2025 May 20.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 2. 
Pathway activation. Side-by-side comparison of activated streamlines for each connectome 

and DBS target location, for an activation sphere of 3 mm centered at the stimulation site.
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Fig. 3. 
Pathway recruitment. Pathway activation at each DBS target location, as a function of the 

radius of the activation sphere. The dashed black line denotes the overall percentage of 

streamlines activated in each connectome, averaged over all 27 points, with the shaded 

region depicting the standard deviation. The solid color-coded lines denote the percentage 

pathway activation averaged over all 27 points.
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Fig. 4. 
Cortical connectivity. Connectivity profiles for each DBS target location, showing the 

proportion of activated streamlines in a connectome that terminated within that particular 

ROI (for a 3 mm activation sphere). Central panel: cortical parcellation of the CIT168 brain 

into 34 ROIs.
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Fig. 5. 
Volume Dice overlap and bundle adjacency. (a) Example illustrating the volume Dice 

overlap and bundle adjacency between Petersen vs. Horn (top), and Petersen vs. Yeh 

(bottom), for STN DBS and an activation sphere of 3 mm. (b) Box-and-whisker 

plots comparing the similarity between normative, tract-to-region, and histology-based 

connectomes across all DBS target locations. Each individual data point on the box plot 

corresponds to a different activation sphere radius (0 to 6 mm in steps of 0.5, resulting in a 

total of 12 points per box).
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Fig. 6. 
Jensen-Shannon distance (JSD) and weighted degree centrality (WDC). (a) Example 

illustrating the JSD between the connectivity profile of Petersen vs. Yeh (top-right), and Yeh 

vs. Horn (bottom-right), for STN DBS and an activation sphere of 3 mm. Also, shown are 

the WDC scores for each connectome (left). (b) Box-and-whisker plots comparing the JSD 

between normative, tract-to-region, and histology-based connectomes across all DBS target 

locations. Each individual data point on the box plot corresponds to a different activation 

sphere radius (0 to 6 mm in steps of 0.5, resulting in a total of 12 points per box). (c) 
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Variation in WDC scores between DBS targets (mean ± SD; averaged across the entire range 

of activation sphere radii) grouped together by connectome type. Depicted on the X-axis is 

the assumed reliability of each connectome.
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Table 2
Three generalized locations for DBS electrode placement. Coordinates of x (lateral), y (posterior), z(ventral) 

are in mm relative to the mid-commissural point in AC-PC space within the CIT168 brain.

DBS Target Indication Central Stimulation Site

x y z

Subthalamic nucleus (STN) Parkinson’s disease −9.6 −1.8 −2.9

Ventral capsule (VC) Obsessive-compulsive disorder −9.0 13.6 2.2

Anterior nucleus of thalamus (ANT) Epilepsy −5.4 4.8 8.7

Ventral intermediate nucleus of thalamus (VIM) Essential Tremor −11.7 −5.0 2.2
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