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Abstract

Introduction: Deep brain stimulation (DBS) is an effective treatment for Parkinson’s disease
(PD), but its efficacy is tied to DBS programming, which is often time consuming and burdensome
for patients, caregivers, and clinicians. Our aim is to test whether the Mobile Application for PD
DBS (MAP DBS), a clinical decision support system, can improve programming.

Methods: We conducted an open-label, 1:1 randomized, controlled, multicenter clinical trial
comparing six months of SOC standard of care (SOC) to six months of MAP DBS-aided
programming. We enrolled patients between 30 and 80 years old who received DBS to treat
idiopathic PD at six expert centers across the United States. The primary outcome was time spent
DBS programming and secondary outcomes measured changes in motor symptoms, caregiver
strain and medication requirements.

Results: We found a significant reduction in initial visit time (SOC: 43.8 £ 28.9 minutes n=37,
MAP DBS: 27.4 + 13.0 minutes n=35, p = 0.001). We did not find a significant difference in
total programming time between the groups over the 6-month study duration. MAP DBS-aided
patients experienced a significantly larger reduction in UPDRS Il on-medication scores (=7.0 +
7.9) compared to SOC (2.7 £ 6.9, p = 0.01) at six months.

Conclusion: MAP DBS was well tolerated and improves key aspects of DBS programming time
and clinical efficacy.

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.
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Introduction:

Methods:

Deep brain stimulation (DBS) has been shown to be an effective treatment for select patients
with Parkinson’s disease (PD),1-3 as well as other neurological and psychiatric disorders.4-
10 The therapeutic effectiveness of DBS depends on careful patient screening,11:12

precise surgical targeting,1314 and optimization of stimulation parameters delivered to the
patient.1>-17 Determining the best stimulation parameters, commonly referred to as DBS
programming, can be a cumbersome and time-consuming process. At many expert centers,
DBS programming requires four or more clinic visits during the first six months after lead
implantation,!® creating a substantial burden for patients and caregivers, especially those
traveling long distances.

The selection of optimal DBS settings for a patient is challenging given the tens

of thousands of potential programming combinations. The efficacy of DBS therapy is

tied to the interaction between the precise anatomical location of patients’ DBS leads

and their stimulation parameters.1%:20 However, many clinicians perform programming
without access to information regarding the patient-specific anatomical fields of activation
caused by different stimulation settings. Instead, DBS programming is often performed
using a trial-and-error-based iterative approach, and usually requires an experienced
programming clinician to effectively navigate the functionally unlimited number of
parameter combinations while being guided by therapeutic response and side effects.18

To address this information gap and improve the DBS programming process, we developed
the Mobile Application for PD DBS (MAP DBS), a DBS programming mobile decision
support system that provides interactive, patient-specific computational models of activation
(Fig 1). Building on the legacy of other computational model-based programming tools,21:22
the programming clinician is able to modify the stimulation settings through an intuitive
user interface and interactively visualize how the area of activation changes relative to each
patient’s target nuclei. Previously, we demonstrated in a small pilot study that MAP DBS
could improve multiple aspects of programming.23

Based on our previous work, we hypothesized that MAP DBS could simplify the
programming process. To test this hypothesis, we conducted an open-label, randomized
clinical trial to evaluate our mobile decision support system in a clinical setting.

This study was a multicenter (six sites), 1:1, open-label, randomized controlled clinical trial
and designed to compare MAP DBS-aided programming to SOC programming for PD DBS
patients from initial programming to six-months. The primary outcome for the study was
the mean total time difference between the two groups required for device programming
during the study period. Additionally, changes in clinically validated rating scales on motor,
mood, quality of life, and caregiver strain between baseline and six-month outcomes were
compared. The study was approved by the internal review board (IRB) at each participating
institution and was registered on Clinical Trials.gov (identifier: NCT02474459).

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.
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The study was conducted at the University of Florida (UF), Baylor College of Medicine,
Wake Forest University, New York University, University of Utah, and University of
California San Francisco.

Study subjects could enroll either before or after DBS surgery, but prior to their first
programming session. Inclusion criteria included age between 30 and 80 years; a diagnosis
of idiopathic PD by a movement disorders neurologist; a minimum of five years since PD
diagnosis; stage Il or higher on the Hoehn and Yahr scale during the off-dopaminergic
medication state; unsatisfactory clinical response to optimal medical management; and a
stable medication regimen for antiparkinsonian drug therapy for at least one month prior

to DBS surgery. Exclusion criteria were subjects who were suspected of secondary or
atypical parkinsonism; had an MRI scan with significant evidence of brain atrophy or other
abnormalities; had previously had a DBS system implanted at another institution; or had
been planning to receive an additional DBS lead within six months of enrolling in the study.
The primary caregivers (usually the spouse) of patients were given the option to enroll as a
research participant for assessment of caregiver strain. Informed consent was received from
all study subjects.

Randomization and masking

Intervention

A stratified blocked randomization scheme (block size of 4) was used to achieve balance
over time and reduce confounds introduced by concurrent changes in other supportive care.
Stratification was performed based on clinical site, target nucleus (subthalamic nucleus
(STN) vs. globus pallidus internus (GPi)), programming clinician (i.e., the specific nurse
or neurologist), DBS lead manufacturer, and number of DBS leads implanted (unilateral or
bilateral). Study personnel at the University of Utah generated the randomization sequence
using a computer program, and the sequences were distributed to the sites. Only the study
coordinator soliciting consent from patients at each site had access to the randomization
scheme. No attempt was made to conceal the study arm assignment from the patient or
clinician.

The study period started at patient’s initial DBS programming session and finished at their
six-month outcomes visit. Because of differences in the SOC practices at each institution,
the schedule of DBS programming sessions within the study period and the timing of the
six-month outcomes visit varied between sites. All patients within an institution underwent
the same schedule of study visits regardless of study arm.

Patients randomized to SOC underwent SOC DBS programming for the study duration.
Patients randomized to MAP DBS-aided programming received a modified version of SOC;
in which each patient’s programming clinician was provided with MAP DBS. In MAP-DBS
group, clinicians used MAP DBS to download and explore patient-specific computational
models of activation to aid in DBS programming decision making. Patient-specific
computational models were generated at the Scientific Computing and Imaging (SCI)

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Duffley et al.

Outcomes

Page 5

Institute at the University of Utah and were downloaded by each patient’s programming
clinician prior to the patient’s first DBS programming session.

Typically, as part of DBS SOC patients undergo a monopolar review at their first DBS
programming visit. In short, the monopolar review is the process of testing each individual
electrode along the DBS lead for symptomatic benefit and adverse effects. However, patients
enrolled at UF received MAP DBS programming instead of the SOC monopolar review. No
constraints were used in the programming process; the clinicians were free to test and use
any programming parameters based on their expert opinion.

During the first year UF was the only study clinical site in the study however, in year two,
five clinical sites were added (detailed above). Based on the preliminary feedback from
year one at UF, the other five sites were given more constrained instructions on how to use
MAP DBS. These constraints included first, using MAP DBS to select the two (of the 4

or 8 depending on DBS lead model) electrodes most likely to result in therapeutic benefit
prior to the patient’s initial DBS programming visit. Next, clinicians were instructed to
perform DBS programming limited to the two electrodes selected. Programming was done
on one or two DBS leads at each session depending on whether the patient had unilateral or
bilateral DBS implantation surgery. For patients implanted with leads containing segmented
directional electrodes, the three coplanar segments were considered a single electrode (i.e.,
the electrode selection was done in ring-mode). MAP DBS visualizations on the iPad were
available for use during all visits at all six sites.

The primary outcome measure was the between-group difference in programming time,
which was calculated as the cumulative time spent clinically optimizing DBS settings across
all scheduled and unscheduled DBS programming sessions prior to the six-month outcomes
visit. Programming time was recorded using a stopwatch and physicians were instructed to
self-time noting the start and stop time of the programming session. Secondary outcomes
measures for the study were change from baseline to six-month outcomes in PD motor
symptoms as measured by the Unified Parkinson’s Disease Rating Scale part Il (UPDRS
I11) in both the off-medication and on-medication state (both with DBS on); total PD
symptom severity as measured by off-medication total UPDRS (sum of parts I, Il, 111, and
IV); caregiver strain as measured by the Multidimensional Caregiver Strain Index (MCSI);
quality of life as measured by the 39-question Parkinson’s rating scale (PDQ-39); and PD
medication dose as measured by levodopa equivalent daily dose (LEDD).

The baseline used for the UPDRS 111 was the last evaluation done prior to the patient
undergoing DBS surgery. All other baseline metrics were captured at the first study visit
prior to the initiation of DBS programming. Outcome metrics were captured at all study
visits, with the exception of the on-medication UPDRS 111, which was captured only at
baseline and at the six-month visit. Additionally, at the first study visit prior to the initiation
of DBS programming, and at the six-month outcomes visit, off-medication UPDRS IlI
assessments were performed by an assessor blinded to the study arm of the patient. The
blinded assessments were done both by video review and in person. The MCSI was
completed by primary caregivers who consented to the study. LEDD values were calculated

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.
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using the Parkinson’s Measurement Toolbox (https://www.parkinsonsmeasurement.org).
Programming visit attendance rate and total number of extra, unscheduled programming
visits were captured to measure protocol compliance. Unscheduled programming visits were
defined as visits not part of the initial schedule of visits. All untoward medical occurrences
were recorded as adverse events for all patients throughout the trial.

Finally, we conducted an unplanned sub-analysis of programming time and change in
UPDRS 111 off-medication and on-medication scores between baseline and the six-months
visit. This sub-analysis was conducted to determine if more constrained protocol instructions
affected site outcomes. Additionally, we performed an unplanned sub analysis comparing
the between-group difference in programming time at the initial DBS programming session
for each patient.

Statistical methods

All analyses were performed on an intent-to-treat basis, with subjects placed into treatment
groups based on the randomization assignment. Initial session DBS programming times and
total programming times over the course of the study were analyzed using a logarithmic
scale in an effort to account for a skewed distribution and variability increasing with

the mean. We estimated effect sizes and interpreted the back-transformed times as fold-
changes in the original scale. Multiple imputation was used to estimate programming time
for missing data, including study visits missed because of discontinued intervention. All
analyses were performed separately on each imputed data set, and Rubin’s formula 24

was used to combine the estimates and standard errors across the multiple imputations.

To test for differences between the two arms of the study, we performed a randomized-
blocked ANOVA that accounted for the a priori randomization strata. Changes in clinical
rating scales and LEDD between baseline and the six-month visit were compared using

a randomized-blocked ANCOVA adjusting for the baseline value. Programming visit
attendance was calculated as the percentage of originally scheduled study visits attended,
not accounting for those missed by patients after they had discontinued the intervention.
Attendance rates and unscheduled visits were compared using a randomized-blocked
ANOVA. Lin’s concordance correlation coefficient 25 was used to quantify the agreement
between the UPSRS 111 scores as recorded by the treating clinician and assessed in a blinded
review. Rigidity questions were not included in this calculation due to the difficulty of
assessing this symptom from a video recording therefore UPDRS I11 scores were modified
for the assessment of agreement only. Outcomes are reported as mean + standard deviation.

Sample size calculation and interim analysis

The target enroliment was 80 patients, with 40 patients per group. We anticipated a 10%
dropout rate, and therefore 36 patients per group who completed study procedures were
needed to achieve 80% power to detect a 33% decrease in programming time at a two-sided
0.05 significance level, assuming a log-normal distribution with a coefficient of variation of
0.66. If a consenting patient had a primary caregiver, we gave the option for the caregiver to
participate in the study.

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.
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No interim efficacy or futility evaluations were performed. The study design allowed for

a blinded interim sample size recalculation using the approach of Kieser and Friede 28 to
calculate whether the initial estimate of a 0.66 coefficient of variation in programming time
was an underestimate of the true variability, and potentially increasing the target sample
size. This assessment was performed at the point in the study when 36 patients had been
enrolled, 22 of whom had completed all study procedures. The interim analysis estimated
the coefficient of variation as 0.46 instead of 0.66. No modifications to the study design
were made.

MAP DBS patient-specific model generation

MAP DBS consisted of patient-specific computational models that were generated based on
our previous publication 23 and were delivered to the clinicians on an iPad via ImageVis3D
Mobile (https://itunes.apple.com/us/app/imagevis3d-mobile-universal/id378071694), a free
iOS mobile application. Each patient-specific model consisted of four primary pieces of
information; the location of the patient’s DBS lead or leads, the targeted brain nuclei (STN
or GPi), a visualization of the volume of tissue activated for a range of DBS programming
settings, and the patient’s DBS surgery head medical imaging.

The MAP DBS patient-specific models of activation were generated from medical imaging,
requiring at least one preoperative head MRI and one postoperative head CT or MRI from
each patient. For each patient, all imaging sequences were rigidly co-registered to the
patient’s preoperative T1 MRI sequence using the Advanced Normalization Toolkit (ANTS)
antsRegistration algorithm.4> The DBS lead locations were manually identified using the
metal artifact manifested by the lead contained in the postoperative imaging and through
the use of the SCIRun 4 software (http://www.sci.utah.edu/cibc-software/scirun.html).
Segmentations of the DBS target nuclei were obtained by using antsRegistration SyN
algorithm 46 to perform a nonlinear registration of the patient’s preoperative MRI to the
Montreal Neurological Institute PD25 template.” Once the transformation between the two
images was established, the nuclei segmentations provided by the PD25 template were
warped into the patient space, where they could be viewed in the same reference as the
patient’s DBS lead and medical imaging.

Computational models of the volume of tissue activated were precomputed for each DBS
lead model using the axon model method detailed in our previous publications.#849 Briefly,
voltage solutions for each DBS lead model were computed using a finite element approach
and were mapped onto a regular 3D grid of cellular axon models that surrounded the lead.
Simulations were run using NEURON 20 and assumed an idealized waveform to determine
the firing threshold for each axon in the grid. The threshold volumes were iso-surfaced to
generate discrete predictions of the extent of neuronal activation.

Role of the funding source

The study sponsor (NIH) did not play a role in study design, collection, analysis,
interpretation of data, writing the manuscript, or the decision to submit the paper for
publication.

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.
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Results

Study participants

Seventy-seven patients across six clinical sites were enrolled in the study between November
15%, 2015 and January 171, 2020, with the last study visit occurring on April 29t,

2020. Study enrollment was terminated after meeting the target sample size. Seventy-three
patients were randomized, with 37 allocated to SOC and 36 allocated to MAP DBS-aided
DBS programming. Of the 36 patients assigned to the MAP DBS-aided programming, 35
underwent at least one study visit, of which 32 received programming that adhered to study
protocol. All 37 patients allocated to SOC underwent at least one study visit and received
the intended treatment. Baseline characteristics were similar between both groups with the
exception of PD disease duration (SOC: 10.0 + 5.4, MAP DBS: 7.9 + 4.1). However,

the difference in disease duration did not manifest as differences in baseline PD symptom
severity as measured by total off-medication UPDRS scores (SOC: 46.5 + 15.5, MAP DBS:
44.0 £ 12.6) (Table 1).

Programming time

We found that time spent during the initial programming session was significantly less for
patients assigned to MAP DBS (27.4 + 13.0 minutes, n = 35) than for those assigned to SOC
(43.8 + 28.9 minutes, n=37, p-value=0.001). We did not find a significant difference in total
programming time between the SOC arm (97.8 + 53.0 minutes, n = 37) and the MAP DBS
arm (75.2 + 40.9 minutes, n = 35, p-value = 0.11) over the entire six-month study duration
(primary outcome) (Fig 2a).

Programming visit attendance

The number of clinic visits scheduled for DBS programming between the sites varied

as sites were instructed to follow their own SOC procedure, ranging from two to five
programming visits within the six-month study window (Fig 2b). We found no significant
difference in scheduled visit attendance between patients who were allocated to SOC (98.2
+ 6.6 %) and those allocated to MAP DBS-aided programming (98.6 = 4.7 %, p-value =
0.92). We also found no significant difference in the number of extra, unscheduled, DBS
programming visits for patients allocated to SOC (0.3 + 0.7) compared to those allocated to
MAP DBS-aided programming (0.2 = 0.5, p-value = 0.52) (Table 2).

Clinical rating scales and medications

Motor symptoms, as measured by UPDRS 111 in the on-medication state, showed greater
decreases for the patients who received MAP DBS-aided programming (=7.0 £ 7.9)
compared to those who received SOC (-2.7 £ 6.9, p-value = 0.01). The change in patient PD
medications as measured by LEDD did not differ between those who underwent SOC (-33.9
+ 371.9) compared to those who underwent MAP DBS-aided programming (-68.5 £ 287.1,
p-value = 0.70). No statistically significant differences were found between MAP DBS-
aided programming and SOC for changes in total UPDRS, UPDRS 111 off-medication, or
PDQ-39 (Table 2). The agreement between the original and blinded off-medication UPDRS
I11 ratings were good (Lin’s r = 0.75 and 0.70 for initial programming and six-month

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.
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outcomes, respectively). The change in caregiver strain, as measured by MCSI, did not differ
for the caregivers in the MAP DBS-aided programming arm (=3.4 + 9.3) compared to the
SOC arm (-0.4 £ 5.6, p = 0.48) (Table 2).

We recorded 21 severe or moderate adverse events (AEs) for patients allocated to SOC,
and 15 for those allocated to the MAP DBS arm. SOC patients experienced four serious
adverse events (SAEs), two of which led to withdrawal of the patient. MAP DBS-aided
patients experienced three SAEs, one of which was deemed related to study procedures
(the patient accidently deactivated the DBS device). No MAP DBS-aided patients were
withdrawn because of an SAE (Supplemental Table 1).

Constrained MAP DBS protocol sub-analysis

A sub analysis revealed that constrained patients who were programmed following the more
restrictive MAP DBS usage protocol did not substantially differ from the total population.
We found no statistically significant difference in the mean total programming time between
the constrained patients allocated to SOC (92.1 + 60.8 minutes, n = 18) and those allocated
to MAP DBS programming (68.1 + 35.2, p-value = 0.58, n = 17). Just as in the full analysis,
patients in the MAP DBS-aided arm experienced greater on-medication UPDRS 111 change
from baseline (8.6 + 8.6, n = 12) than those in SOC (-5.2 £ 6.1, n = 13, p-value = 0.01).
There were no statistical differences between the SOC patients (-18.1 + 9.7, n = 13) and
MAP DBS-aided patients (-21.9 + 14.7, n = 14, p-value = 0.99) in the change from baseline
in UPDRS 11 off-medication scores.

Discussion

The effect of MAP DBS on DBS programming

We conducted an open-label randomized trial on a mobile visual decision support tool for
DBS programming. MAP DBS increased the efficiency of the initial programming visit,
although it did not significantly affect the overall total programming time during the study
period. Additionally, MAP DBS helped expert clinicians identify more effective stimulation
settings for patients, as indicated by greater improvement of on-medication UPDRS I11
scores. The integration of MAP DBS into the workflows of six clinical sites revealed the
versatility and scalability of the platform. Our results support MAP DBS as an effective and
simple-to-use programming tool, which will be further tested in our second MAP DBS study
using a home health care model.

DBS programming time is a challenging outcome to influence in part because DBS
programming has no formal stopping criteria; clinicians often explore different settings
until they believe a good setting for the patient has been reached. Additionally, the clinical
efficacy of DBS is highly variable.22728 As a result, a DBS programming clinician may
find it difficult to know if a patient is receiving optimal benefit from a stimulation setting.
Although MAP DBS may help the programming clinician identify an effective setting, the
clinician is still likely to spend an extended period of time iterating to ensure no better
option is available. As most clinical appointments are scheduled for fixed amounts of time,

Parkinsonism Relat Disord. Author manuscript; available in PMC 2024 July 23.
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clinicians may continue to iterate on parameters until their scheduled time with the patient
ends.

The theory that programming time is inflated because of extensive iteration is supported

by the sub analysis of the patients programmed with the constrained protocol in which

the clinician was allowed to select only programming settings that exclusively used

the two electrodes they anticipated would be most effective after exploring the patient
model. Despite eliminating over half of the possible stimulation settings on the device,

no total programming time was saved. However, just as with the total population, the
constrained MAP DBS patients experienced significantly larger improvement in UPDRS I1I
on-medication scores than the SOC arm. This finding indicates that although clinicians were
able to use MAP DBS to effectively narrow down the parameter space, the programming
was not more time-efficient. Future work should consider alternative metrics for determining
programming efficiency, such as the number of settings tried before the optimal setting,

or the number of adjustments made by the patient using the at-home programmer, to gain
insight into the impact of technology on programming process.

One possible explanation for why MAP DBS programmed patients experienced greater on-
medication UPDRS 11l improvement without a statistical difference in off-medication scores
is that DBS programming is typically performed in the off-medication state. Therefore,
although experts are able to use traditional programming techniques to help alleviate off-
medication symptoms, the use of visual feedback about stimulation location helped to
produce programming settings to enhance on-medication benefits. One other explanation

is that MAP DBS decreased the complexity of DBS programming, which increased the
clinician capacity to focus on medication management. However, we found no differences
between our study arms regarding change in medication as measured by LEDD.

MAP DBS-aided programing resulted in no differences in quality of life, as measured by
PDQ-39, or in caregiver burden, as measured by the MCSI when comparing the two study
arms. These measures, which are indirectly related to the effectiveness of the therapy an
individual patient receives, are likely not sensitive enough to detect the small advantages
yielded by MAP DBS-aided programming. Caregiver strain is a frequently overlooked
aspect when considering the role of DBS programming, as many PD patients cannot travel to
clinical appointments without the assistance of a caregiver due to mobility disability.

Patient-specific visual models of activation in programming

The therapeutic effects of DBS are the result of a synergistic interaction between lead
location and DBS programming, which consists of multiple independent parameters.
However, DBS programming is usually performed without any visual reference to the lead
location relative to the surrounding anatomical structures. Traditional DBS programming is
an iterative process in which the clinician selects a stimulation setting and then observes
the symptom response. The clinician also elicits verbal feedback. The clinician uses the
feedback to guide device setting changes, and the process is repeated until the patient and
clinician agree on a “best” setting. Although attempts have been made to use systematic
approaches to DBS programming,2%-31 the process remains iterative, with no widely
adopted standardized approach. Novel DBS device technologies have added to the number
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of options for a clinician managing DBS 32, and these additions have further complicated
attempts to simplify programming strategies.

MAP DBS fills a critical gap in the typically opaque DBS programming process by
providing information about the interaction between stimulation settings and local anatomy
via an easy-to-use mobile interface. Computational models have been previously used

to guide the DBS programming process; 2122 however, these models have had limited
penetration into SOC clinical workflows. MAP DBS is a simple mobile computing platform,
and our study demonstrates that it can be integrated into the DBS clinic at multiple centers.
DBS device manufactures have included visual models of activation into their modern
programming platforms, but the inclusion of the patient’s anatomical lead location and
patient medical imaging, while being compatible with all DBS leads on the United States
market, sets MAP DBS apart.

Programming is currently performed at most centers without tools to enable a deeper
understanding of the effects of changes in stimulation parameters. MAP DBS provides a
medium for clinician education and has the potential to foster a more nuanced understanding
of the relationship between stimulation and clinical effect. The MAP DBS tool does not
make decisions, but it does inform decisions. As clinicians become familiar with this
decision support tool, it has the potential to further enhance and inform care. Having

a visual reference of the anatomical location of a patient’s DBS lead can transform
traditionally complex programming tasks into simple ones. A clinician could, for example,
immediately identify a sub optimally placed lead in need of revision without going through
months of fruitless empirical programming. Similarly, a clinician can immediately identify a
reasonably placed DBS lead within a target and commence programming by constraining the
setting choices based on visual feedback. Because our study was conducted on only a subset
of DBS patients at each clinical site (newly implanted, diagnosed with PD, consenting
research subjects), the clinicians using MAP DBS were not able to incorporate the platform
into their everyday programming workflows. Increased use and familiarity with MAP DBS
may result in clinicians being more trusting of the platform, with the benefit of further time
savings. The impact of the daily use of the platform on the programming process should be
investigated in future work.

The benefits of a decision-making tool such as MAP DBS are likely underpinned by
providing critical information early in the management algorithm, as indicated by the time
savings during the first DBS programming visit, which can often be lengthy and tiring for
patients. Additionally, we tested, in a second study, whether the simplicity of the tool can
facilitate programming by a nonexpert in the home health setting. Tools such as MAP DBS
may, in the future, enhance access for patients and reduce the need for specialist-driven care.

MAP DBS and emerging DBS technology

MAP DBS as a platform provides static predictions based on medical imaging. Ideally,
MAP DBS will evolve past a system that provides visual models that require clinician
interpretation, to a platform that recommends stimulation settings for patients based on
verified predictors of effective stimulation. Recent imaging-based research has shown that
PD DBS efficacy is predicted by the brain networks modulated by a patient’s stimulation,33
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and emerging evidence indicates an ideal stimulation location “hot spot” for STN DBS.19:20
Integration of imaging biomarkers into MAP DBS may allow for a future where stimulation
settings for patients are predicted using existing optimization algorithms.16:34 Beyond
imaging-based metrics, emerging technologies in DBS provide avenues to create platforms
that provide real-time feedback regarding patient status. Wearable technologies have proven
to be an effective way to continuously monitor changes in patient status,3° and provide
real-time data that can be used to help guide DBS parameter selection.36-38 Next-generation
commercial DBS devices emerging on the market have the capacity to measure patient
physiology via local field potentials, which have been shown to be good biomarkers for
stimulation parameter selection.3%-42 A future mobile computing platform could serve as

a hub for remote monitoring of multimodal patient data, and integrate the data to provide
predictions of DBS settings for patients. This technology would not only assist in the
quality of patient care, but also facilitate the at-home management of patients by providing
clinicians with remote monitoring of patient status.

Beyond the improvement in DBS monitoring technologies, DBS systems are becoming
more feature rich with regard to how stimulation can be delivered. Features such as multiple-
independent current sources and directional DBS leads provide increased resolution for the
selection of parameters, which would provide an opportunity for more precise stimulation
to be delivered to the patient. However, the increasing complexity of these technologies will
provide additional patient benefit only if they can be efficiently programmed. Although
expert centers are adapting,*344 technology advances are increasing the specialization
required to perform optimal DBS programming. Patients who cannot access expert care

are being left further behind. We argue that unless tools such as MAP DBS are developed,
advancements in DBS technology will not deliver on their promises to most DBS patients.
Our study enrolled patients with all six PD DBS leads currently on the market in the United
States, and future work should aim at distinguishing if our platform provides additional
benefit for programming devices with advanced features.

Neither our programming clinicians nor study patients were blinded, though UPDRS
ratings were performed by blinded raters from video. The open-label study design was
largely out of necessity, because there was no practical way to blind the patient to the
clinician using MAP DBS during programming. Although our blinded and unblinded
UPDRS 111 scores showed strong concordance, our study would have been strengthened

by using a blinded-rater for all UPDRS Il1 evaluations. Because of the multicenter

nature of our study and the difference in clinical practice between institutions, several
factors likely influenced programming time including institutional difference in SOC for
programming. We accounted for anticipated differences in programming time by stratifying
our randomization blocks and using a randomized-blocked ANOVA as our statistical
model. While our randomization was conducted as originally planned, there were notable
differences between groups. Due to the sample size of the groups, randomization is unlikely
to match on every factor. Similarly, there was a slightly higher loss/withdrawal rate in

the MAP-DBS group compared to the SOC group. Due to sample size restrictions it is

hard to speculate on the cause of this difference. As stated, patient rigidity was eliminated
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from the UPDRS 111 scoring as it was difficult to visualize on video. The MAP-DBS tool
was able to help to identify sub optimally placed leads however, in this current study we

did not collect data about misplaced leads. In future studies sub optimally placed leads
could be systematically investigated using the MAP-DBS software. MAP DBS is a platform
that provides visual models of activation, but it relies on the clinician to integrate the
information into the DBS programming process. Clinician experience and formal education
likely influence the interaction that the programming clinician has with the platform, and
future research should identify how to create a system that provides the most benefit to
programmers of all backgrounds.

In conclusion, we showed that MAP DBS can improve the time spent at the initial

DBS programming visit when compared to SOC procedures, which has been traditionally
burdensome and time consuming. As new DBS systems are now available with added
complexities, the need to improve the DBS programming process becomes more critical.
The results of this study demonstrate that technology can positively impact DBS
programming, and should be the launching point for future studies to improve DBS
programming for patients, caregivers, and clinicians.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:
iPad screenshots of the MAP DBS interface. MAP DBS supports both a 3D view of patient

anatomy and stimulation, as well as a 2D view with multiple coregistered MRI and CT
image volumes. Top row: Example of the interface for a patient with a Medtronic 3389 DBS
lead implanted in the left globus pallidus internus (GPi). The globus pallidus externus (GPe)
is shown for additional context. Bottom row: Example of the interface for a patient with a
Boston Scientific Vercise DBS lead implanted in the left subthalamic nucleus (STN). Left
column: 3D interface. Right column: 2D slice view. The top left portion of the screen in both
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the 3D and 2D views contain the stimulation parameters chosen by the user to generate the
volume of tissue activated.
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77 patients screened

4 patients withdrawn

* 3 patients withdrawn because of
improper consent process

* 1 patient withdrawn because

73 patients randomized

study-site was closed before
beginning study procedures

37 patients randomized to SOC DBS programming
* 37 patients received allocated intervention
* 0 patients did not receive allocated intervention

36 patients randomized to MAP DBS-aided
programming
* 32 patients received allocated intervention
* 4 patients did not receive allocated intervention
* | patient withdrew before beginning study procedures
* 4 patients not programmed following protocol
* 1 patient did not have model generated
* | patient was intentionally programmed not
following protocol because of poor response
* 1 patient was unintentionally programmed
not following protocol

4 patients discontinued intervention

* 2 patients withdrawn due to SAE

* 2 patients withdrew from study

2 patients lost to month 6 follow-up

* 1 patient withdrawn because of COVID-19 pandemic
* 1 patient withdrew from study

3 patients discontinued intervention
* 3 patients withdrew from study
2 patients lost to month 6 follow-up
* 2 patients withdrew from study

37 patients included in analysis
0 patients not included in analysis

B

35 patients included in analysis

1 patient not included in analysis

* 1 patient did not undergo any DBS programming while
enrolled in the study

MAP pps!

Multi-site, expert programmer.
Clinicians used MAP DBS to pick
two electrodes per lead to use for

Retrospective, expert
programmer.

Single-site, expert programmer.
Clinicians were not constrained in
their programming process.

programming.

Single-site, home health nurse with

MAP DBS Pilot
Butson et al., 2013

Figure 2:

no prior DBS experience. Clinician
was not constrained in their
programming process.

T
MAP DBS 11
Duffley et al., in preparation

A) CONSORT patient flow diagram. B) Summary of MAP DBS clinical trials. MAP DBS |

refers to the current study.
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Programming time A) Left: Cumulative programming time, bold lines represent mean
values. Right: Comparison of programming time for initial programming and all other
programming visits. The difference in cumulative programming time between patients
allocated to SOC and those allocated to MAP DBS-aided programming was not significant,
but the time savings during the initial programming visit was.
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Table 1:

Demographics and baseline characteristics by study arm.

Standard of care

MAP DBS

Age (n) 63.6 + 8.9 (37) 63.3 + 8.2 (35)
Sex

- Male 28 (78%) 25 (71%)

- Female 8 (22%) 10 (29%)
Duration of Parkinson’s disease (years) (n) 10.0+5.4 (37) 7.9+4.1(35)
Race

- Asian 3 (8%) 1 (3%)

- White 33 (89%) 33 (94%)

~ Other 0 (0%) 1 (3%)

- Multiple 1 (3%) 0 (0%)
Ethnicity

- Hispanic or Latino 0 (0%) 1 (3%)

- Not Hispanic or Latino 37 (100%) 33 (97%)

DBS target

- GPi 21 (57%) 21 (60%)
-STN 16 (43%) 14 (40%)
Number of DBS leads

- Unilateral 22 (59%) 21 (60%)

- Bilateral 15 (41%) 14 (40%)
UPDRS |11 off-medication (n) 36.9 +13.8 (36) 37.9+£13.7 (34)
UPDRS 111 on-medication (n) * 233+12.9(37) 21.9+112(33)
Total UPDRS (I, I, 111, 1V) off-medication (n) 54.0 £ 17.7 (36) 49.7£14.3 (32)
PDQ-39 (n) 26.3+16.4 (37) 26.0 + 15.0 (35)
MCSI (n) 16.7 +11.9 (34) 16.0 + 11.3 (30)
LEDD (n) 1078.1+502.1 (35) | 868.6 + 514.3 (29)
Caregivers consented 34 (92%) 32 (91%)

DBS lead model

- Medtronic 3387 22 (59%) 23 (66%)

- Medtronic 3389 10 (27%) 6 (17%)

— Abbott Infinity Directional Lead (0.5 mm spacing) | 2 (5%) 1 (3%)

- Abbott Infinity Directional Lead (1.5 mm spacing) | 1 (3%) 1 (3%)

- Boston Scientific Vercise 1 (3%) 3 (9%)

- Boston Scientific Vercise Cartesia 1 (3%) 1 (3%)

GPi = globus pallidus internus, STN = subthalamic nucleus, UPDRS = Unified Parkinson’s Disease Rating Scale, PDQ-39 = 39-question

Page 20

Parkinson’s disease rating scale, MCSI = Multidimensional Caregiver Strain Index, LEDD = levodopa equivalent daily dose. Data are: mean +

standard deviation (n) or n (%).

*
Preoperative baseline used
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Table 2:

Protocol adherence and secondary outcomes. The improvement was significantly larger in motor rating scales
in the on-medication state as quantified by UPDRS |11 for patients who were randomized to MAP DBS-aided

programming compared to those randomized to SOC. Data are: mean * standard deviation (n).

SoC MAP DBS p-value
Percent of planned visits attended % (n) © 98.2 £ 6.6 (37) 98.6 £ 4.7 (35) 0.92
Number of unscheduled programming visits (n) 0.3+0.7 (37) 0.2+0.5(35) 0.52
Change from baseline in off-medication UPDRS 111 (n) -11.6 +11.5 (28) -15.7 £ 13.2 (30) 0.15
Change from baseline in on-medication UPDRS 11 (n) -2.7+6.9 (28) -7.0+79(29) 0.01”
Change from baseline in total off-medication UPDRS (I, II, Ill, IV) (n) | -11.9 + 16.6 (28) -11.8 +15.4 (29) 0.69
Change from baseline in PDQ-39 (n) -3.3+18.2(29) -7.1+13.5(30) 0.12
Change from baseline in caregiver MCSI (n) -0.4 +5.6 (26) -3.4+9.3(21) 0.48
Change from baseline in LEDD (n) -33.9+3719(29) | -68.5+287.1(25) | 0.70

UPDRS = Unified Parkinson’s Disease Rating Scale, PDQ-39 = 39-question Parkinson’s disease rating scale, MCSI = Multidimensional Caregiver

Strain Index, LEDD = levodopa equivalent daily dose
*
p< 0:05 (statistically significant)

fDoes not include visits missed because of discontinued intervention
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