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Online prediction of optimal deep brain
stimulation contacts from local field
potentials in Parkinson’s disease
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Selecting optimal contacts for chronic deep-brain stimulation (DBS) requires a monopolar review,
involving time-consuming manual testing by trained personnel, often causing patient discomfort.
Neural biomarkers, such as local field potentials (LFP), could streamline this process. This study aimed
to validate LFP recordings from chronically implanted neurostimulators for guiding clinical contact-
level selection.We retrospectively analysed bipolar LFP recordings fromParkinson’s disease patients
across three centres (Netherlands: 68, Switzerland: 21, Germany: 32). Using beta-band power
measures (13–35 Hz), we ranked channels based on clinical contact-level choices and developed two
prediction algorithms: (i) a “decision tree”method for in-clinic use and (ii) a “pattern based”method for
offline validation. The “decision tree”method achieved accuracies of 86.5% (NL), 86.7% (CH), and
75.0% (DE) for predicting the top two contact-levels. Both methods outperformed an existing
algorithm. These findings suggest LFP-based approaches can enhanceDBSprogramming efficiency,
potentially reducing patient burden and clinical workload.

Deep brain stimulation (DBS) of the subthalamic nucleus (STN) is an
effective treatment for Parkinson’s disease (PD)1,2. Optimisation of stimu-
lation parameters is critical to maximise therapy efficacy. Identification of
the optimal stimulation contact-level is challenging and time-consuming,
requiring long iterative manual testing of multiple combinations (mono-
polar review, MPR), and several follow-up visits3. Novel neurostimulator
devices are now capable of recording local field potentials (LFP) from the
chronically implanted DBS electrodes, which may serve as a neural bio-
marker to guide clinical programming4–7. LFP are generated by the inte-
grated (weighted) sum of all synaptic potential changes8. These signals can

provide direct insight into the functioning of basal ganglia circuits8,9. Sub-
thalamic LFP activitywithin the beta-frequency band (13–35Hz) correlates
with akinetic-rigid symptoms in PD and can be modulated by therapies
(e.g., levodopa and STN-DBS)10. Suppression of power in the beta-
frequency band typically corresponds with motor improvement in PD
patients.

To date, various studies have explored LFP-based DBS contact-level
selection techniques, mostly relying on neural features in the beta-band11.
Themaximumvalue of the beta-frequency power in a patient-specific range
is mostly used as a measure to guide contact-level selection12–19. However,
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the clinical application of these techniques is still restricted due to limited
validation, uncertainties regarding the reliability of the online visual
inspection approach, or the need for complex methods and offline analysis.
The most informative spectral feature of LFP for determining optimal sti-
mulation therefore remains unclear.

Importantly, LFP activity is recorded bipolarly, between pairs of
contact-levels. Identifying one individualmonopolar stimulation level from
these bipolar recordings presents a complex challenge. It has been suggested
that either the contact-level in between the bipolar recording pair (e.g.
contact-level 2 if channel (contact-level pair) 1–3 shows the highest max-
imumpower) oroneof the two recordingcontact-levels (e.g. contact-levels 1
or 3 if channel1–3 shows thehighestmaximumpower) couldbe the optimal
stimulation location(s)18,19. Studies addressing this issue using custom
algorithms show a median predictive accuracy of 45% (range 25–71%) on
selected datasets20–26. However, these algorithms often focus on predicting
an optimal horizontal direction for stimulation20–24 with directional leads,
rather than an optimal vertical contact-level. Furthermore, they do not
compare different predictors or techniques to derivemonopolar predictions
from bipolar recordings20–25.

To better support initial DBS programming in PD, we explored the
predictive efficacy of various beta-frequency band features using novel
prediction techniques. We compared these novel techniques, which trans-
late bipolar contact-level recordings to predictions for the optimal mono-
polar stimulation contact-level, with existing published algorithms.

Results
Subject characteristics
Across the three centres, a BrainSense™ Survey measurement (after over-
night suspension of all dopaminergic drugs) was available for 62 patients
(121 STN) (Table 1). Additionally, an extra set of patients (“CH”,N = 18, 35
STN, of which 28 STN (80.0%) showed clear beta-activity) with recordings
in ON-medication were included for a sub-analysis (Supplementary
Table 1).

No chronic contact choice was available for 20 STN (17%). For the
remaining 101 STN the contact-level used for chronic stimulation at 1 year
(or 6 months if 1 year was not reached) post-lead placement differed from
the contact-level chosen duringMPR in 6 out of 58 STN (10%) for the “NL”
dataset, in 3 out of 13 STN (23%) for the “CH” dataset, and in 8 out of 30
STN (27%) for the “DE” dataset (Supplementary Table 2). Of the 101 STN
with a chronic contact choice, 83 STN showed clear beta activity.

Data pre-processing and feature extraction
No ECG or other definite artefacts were detected upon visual inspection in
any of the datasets (“NL”, “CH” and “DE”), therefore, no artefact extraction
was applied.

Clear beta activity (based on “AUC_flat” threshold) was present in at
least one recording channel for 80.5%of all leads (52/68 (76.5%) “NL”; 15/21

(71.5%) “CH”; 32/32 (100%) “DE”). The median value of AUC_flat” was
2.64 (range: −2.81 to 13.60).

From clinically-chosen contact-level to recording channel
ranking
For each clinically chosen contact-level individually, the amplitude of pre-
determined features (Methods: “Data pre-processing and feature extrac-
tion”/“From clinically-chosen contact-level to recording channel ranking”)
was used to rank the recording channels. Rankings for the “Max” feature
were similar to rankings obtained using the “AUC” feature. This similarity
was also true for the “Max_flat” and “AUC_flat” rankings (Fig. 1 and
Supplementary Fig. 1). Since the “Max” feature is most feasible for in-clinic
use, we focus on this feature in the results.

Theoptimal contact-levels chosenby clinicians across our three centres
highlighted that contact-levels 1 and 2 were most selected (35 and 53
hemispheres respectively), whereas contact-levels 0 and 3 were only seldom
employed (4 and 7 hemispheres, respectively). The ranking of the LFP
channels indicated that for contact-levels 1 and 2, the sensing channels
surrounding the stimulation levels (i.e. 0–2 and 1–3),most often showed the
highest feature amplitude (Fig. 1).

From recordings to contact-level prediction
We then evaluated the predictive accuracy of the 1st and 2nd ranked
contact-levels defined by LFP, focusing on cases with clear beta activity
across two custompredictionmethods (“ decision tree” and ”pattern based”
techniques) and one existing technique (DETEC algorithm), (“From
recordings to contact-level prediction”). The “selection decision tree”
method using the “Max” feature achieved 86.5% accuracy (“CH”: 86.7%;
“DE”: 75.0%), increasing to 88.5% (“CH”: 93.3%; “DE”: 78.1%) when
combining the selection and elimination trees (Fig. 2 and Supplementary
Table 3). The “pattern based” method reached 84.6% accuracy (“CH”:
66.7%, “DE”: 71.9%)whenconsideringboth the1st and2nd rankedcontact-
levels.

Similar results were achieved when evaluating the chronically used
stimulation level across 83 STN with available chronic contact-level data
and clear beta activity using the “selection decision tree” with the “Max”
feature (“NL: 83.7%; ”CH”: 90.0%; “DE”: 86.7%). Clear beta activity was
present in the 15 out of 17 STNwith changes between chronic contact-levels
and levels selected at MPR. For this subgroup, the predicted contact-level
aligned with the clinically selected contact-level in 67.7% of the cases when
considering the contact-level chosen at MPR, this agreement remained the
same when considering the contact-level chosen at 1 year (or 6 months)
post-operatively.

Both the “pattern based” and DETEC algorithms performed better
when combining 1st and 2nd ranked contact-levels instead of considering
the 1st ranked contact-level alone.However, the existing DETEC algorithm
consistently showed lower predictive accuracies across all centres (Fig. 2 and

Table 1 | Patient characteristics

Training set “NL” (n = 34) Validation set “CH” (n = 12) Validation set “DE” (n = 16) P valuea

Age at surgery (years) 63.1 (SD 7.9) 64.4 (SD 6.0) 59.4 (SD 9.8) 0.321

Male, N (%) 23 (67.6%) 9 (75.0%) 14 (87.5%) 0.326

Disease duration at recording (years) 9.7 (SD 4.3) 9.1 (SD 2.8) 9.4 (SD 5.1) 0.807

Clinical total pre-operative OFF-med motor score 39.4 (SD 11.9) 39.7 (SD 11.4) 37.5 (SD 12.8) 0.846

Clinical total pre-operative ON-med motor score 18.9 (SD 9.1) 14.4 (SD 8.2) 14.1 (SD 7.0) 0.152

Levodopa response (OFF-ON/OFF*100) 52.6% (SD 17.5%) 66.1% (SD 15.8%) 63.4% (SD 12.0%) 0.030*

Preoperative LEDD 1350 (SD 591) 1112 (SD 583) 1100 (SD 466) 0.183

Time since lead implantation at LFP recording (days) 8.2 (SD 2.8) 5.6 (SD 1.5) 106.0 (SD 91.0) <0.001*

Time since lead implantation at MPR (days) 9.2 (SD 1.1) 20.8 (SD 32.3) 106.6 (SD 20.2) <0.001*
aKruskal Wallis test (numerical data); Chi-square test (categorical data).
n number of patients, SD standard deviation, DBS deep brain stimulation, LEDD levodopa equivalent daily dose according to S.T. Jost et al.37.
* Significant difference between groups (two-sided p < 0.05).
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Supplementary Table 4). Similar results were observed when only focussing
on the low-beta or high-beta bands for the “decision tree” and “pattern
based”methods (Supplementary Table 5).

Analyses were repeated using the “Max_flat”, “AUC” and “AUC_flat”
features for both the “decision tree” and “pattern based”methods. Changing
the applied feature mostly resulted in minor differences in predictive
accuracy. The “decision tree” method with both the selection and elim-
ination tree in combination with the “AUC” feature achieved a slightly
higher predictive accuracy in comparison to the “Max” feature for the “DE”
dataset. The predictive accuracy across the “NL” and “CH” datasets was
equal for bothmethods.When considering the “pattern based”method the
“AUC_flat” feature slightly outperformed the use of the “Max” feature
across the “NL” and “DE” datasets, and was equal for the “CH” dataset
(Supplementary Tables 3, 4, and 6).

In order to evaluate the performance per clinically selected contact-
level the accuracy of the “decision tree - selection tree only” using the “Max”
feature and the “pattern based” model using the “AUC_flat” feature was
additionally determined for each clinically selected contact-level separately
across the entire population with clear beta activity. Both models showed
accuracies above 70% for clinically selected contact-levels 0, 1 and 2, but not
contact-level 3 (decision tree: 28.6%; pattern based: 57.1%), whereas the
DETEC algorithm showed accuracies above 70% for clinically selected
contact-levels 0 and 3, but not contact-levels 1 and 2 (level one: 52.9%; level
two: 61.1%) (Supplementary Table 7).

Subgroup comparison
Wethenevaluated thepredictiveperformance acrosshemisphereswith little
or no beta power above 1/f (Table 2). No significant differences were
observed across any method or group. Across all data, containing all var-
iations in beta-activity levels, the “decision tree” method, “pattern based”
method and DETEC algorithm achieved predictive accuracies of 85.1%,
74.4% and 58.7%, respectively, when considering the 1st and 2nd ranked
contact-levels.

A sub-analysiswasperformed for all “NL” recordingswithout clinically
detectable stun effect during MPR (Table 3). Of the 26 STN with a stun
effect, 11 (42.3%) also showed limited LFP-based beta activity (i.e. little beta
above 1/3 or background activity only).

Patients with a stun effect had significantly lower predictive
accuracy using the “pattern based” algorithm with the “Max” (if clear
beta-activity) or “AUC” feature (if little beta-activity or background
signals alone). The stun effect did not have a significant effect on the
performance of the DETEC algorithm or “decision tree” method. No
significant differences were found in patient characteristics, except for a

lower pre-operative OFF-medication motor score (p = 0.029) in the
stun effect group (Supplementary Table 8).

Predictive accuracy differences between ON- and OFF-medication
states were evaluated on an additional ON-medication “CH” dataset
(Table 4). There were no significant differences in predictive accuracy or
patient characteristics between subgroups (Supplementary Tables 1 and 9).

Discussion
We retrospectively evaluated LFP signals and their relation to clinically
chosen stimulation contact-levels across three European centres and
developed a novel algorithmic framework, including two complementary
prediction algorithms, to identify optimal DBS contact-levels in over 60 PD
patients.

The decision-tree approach using the “Max” feature showed high
predictive accuracy (>85%) for the 1st and 2nd optimal contact-level pre-
dictions combined and showed robustness across validation sets. This new,
online technique can thus help restrict the search field for optimal stimu-
lation contacts to two contact-levels for the majority of patients, thereby
showing the potential to reduce DBS programming time. Incorporating
elimination trees improved results by 2 to 6 percental points, suggesting that
this extra step might not be crucial and will only be reserved for selec-
ted cases.

The “pattern based” approach using the same feature correctly pre-
dicted the single optimal contact-level in 73.1% of the cases, and reached
near 85% accuracy for combining 1st and 2nd optimal contact-level pre-
dictions. These results were, however, slightly less robust across validation
sets compared to the online “decision tree”method.

Both approaches outperformed the existing DETEC algorithm for our
datasets. However, we note that the predictive accuracy achieved by the
DETEC-algorithm in the original research was higher than the predictive
accuracy found on our data20. The results from the “DE” dataset resemble
the original results reported for the DETEC-algorithmmost, likely because
both datasets were recorded over 3 months post-lead placement.

Other existing algorithms using contact-level BrainSense™ Survey
recordings (e.g.,25) were not tested here, as they are not publicly available to
our knowledge, and, based on the available literature, their accuracy is
surpassed by theDETEC algorithm20,25. Other existing algorithms are based
on segmented BrainSense™ Survey recordings, which were not available in
this retrospective analysis22–24,27.

In all our analyses, using the “Max” and “AUC” feature yielded similar
results. This indicates that albeit a single maximal value ignores the
underlying PSD shape and is more prone to noise corruption, the conveyed
information is enough for programming purposes. Once the aperiodic

Fig. 1 | From clinically-chosen contact-level to
recording channel ranking. This figure shows the
first- (dark blue) and second-ranked (light blue)
recording channel (Ch) per clinically chosen deep
brain stimulation (DBS) contact-level at monopolar
review (in red) for the maximal power beta-
frequency band feature (“Max”). This shows how
often the channel was ranked first based on this
feature across the entire population of subthalamic
nuclei (STN) as a percentage per 1st and 2nd ranked
channel. Results shown are for all included leads
with clear beta activity. (*) In case of an equal per-
centage (i.e., channels are ranked first with equal
frequency) the channel which was ranked second
most often, of these two options, was indicated as
ranked 1st.
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Table 2 | Frequency of 1st/2nd ranked contact-levels corresponding to the clinically chosen stimulation level per rankingmodel
for all patients from all three centres, subcategorised for clear or little beta above 1/f or background signal alone

Decision treea

1st / 2nd ranked
Pattern based
1st / 2nd ranked

DETEC algorithm
1st / 2nd ranked

Clear beta above 1/f
(“NL”: 52 STN, “CH”: 15 STN, “DE”: 32 STN)

“Max”: 82.8% (82) “Max”: 77.8% (77) 61.6% (61)

Little beta above 1/f
(“NL”: 9 STN, “CH”: 6 STN, “DE”: 0 STN)

“AUC”: 93.3% (14) “AUC”: 60.0% (9) 46.7% (7)

Background only
(“NL”: 7 STN, “CH”: 0 STN, “DE”: 0 STN)

“AUC”: 100.0% (7) “AUC”: 57.1% (4) 42.9% (3)

Chi-squareb χ2 = 2.434, p = 0.296 χ2 = 3.319, p = 0.190 χ2 = 1.968, p = 0.374

Maxmaximum power feature, AUC area under the curve feature.
aResults for selection decision tree only.
bChi-square test was considered significant if two-sided p < 0.05.

Fig. 2 | Comparison of the performance of the custom and existing algorithms.
This figure shows a comparison of the predictive accuracy of the algorithms when
considering the results for the 1st and 2nd ranked contact-levels in recordings with
clear beta activity obtained in OFF-medication. The time from the implant to local
field potential (LFP) recordings (LFP: used for prediction) and the time from
implant to the clinical contact selection (monopolar review: reference for prediction)
varied between centres (see text). A Predictive accuracy of the novel ‘decision tree –

selection only’ and ‘pattern based’ prediction techniques for the ‘Max’ beta feature in
comparison to the predictive accuracy of the existing DETEC-algorithm when
considering both the 1st and 2nd ranked contact-levels.BPredictive accuracy for the
1st and 2nd ranked contact-levels based on the online ‘decision tree’method when
applying the selection tree in combination with the elimination tree. C Predictive
accuracy of the offline “pattern based” method and DETEC-algorithms for the 1st
ranked contact-level alone.
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signal component is removed, the channels ranked second changed to
channels with a smaller pick-up area (e.g. for contact-level 2 channel 0–3 is
ranked second using the “Max” feature, whereas channel 2–3 is ranked
second using the “Max_flat” feature). These changes were similar for both
the “Max” and “AUC” features. Furthermore, the ranking of the LFP
channels indicated that for contact-levels 1 and 2, the sensing channels
surrounding the stimulation levels (i.e. 0–2 and 1–3),most often showed the
highest feature amplitude.

For the online “decision tree”method, the features without removal of
1/f outperformed the flattened features. This is very convenient, since visual
inspection of a single point is easier and faster, especially in the context of
clinical evaluations. However, the opposite was true for the offline “pattern
based”method.

The performance of both the “decision tree” and “pattern based”
methods generally showedgreater variationbetween training andvalidation
sets when features were applied after 1/f removal (“Max_flat”/“AUC_flat”)
compared to when features were applied without it (“Max”/“AUC”). This
suggests that results obtained using these features are more sensitive to
variations between centres or patient groups, which can be considered a
counterintuitive finding.

The presence of beta activity is often regarded as one of the limiting
factors when considering beta power predictions. We thus clustered LFP
recordings into subsets depending on their amount of beta power (clear
beta-activity, little beta-activity, and background signal alone). While
visually setting a threshold forminimal beta activity is inherently subjective,
this approach aligns with clinical practice. Furthermore, no significant
difference in performance was observed across the different levels of beta-
activity for the proposed algorithms. Nonetheless, it is important to
emphasise that the proposed methods depend on the presence of an elec-
trophysiological biomarker, and that this limitation inherent to
electrophysiology-based contact choice, restricts the applicability of these
techniques across patients.

A second sub-analysis on the “NL” dataset alone showed that the
performance of the “decision tree” method and DETEC-algorithm
remained stable even in patients with a clinical stun effect during LFP
recordings,whereas theperformancedecreasedsignificantly for the “pattern
based”method.

Across our three centres, the amount of AUC beta-activity without 1/f
(“AUC_flat” feature) correlatedwith the time at which LFP recordings were
performed. All the recordings with little beta activity or background signal
alone were seen in the “NL” and “CH” datasets, for which LFP recordings
were performed at an average of 8 and 6 days after implantation, respec-
tively. The “DE” dataset, for which LFP recordings were performed at an
average of 106 days after lead implantation, only contained LFP recordings
with clear beta-activity.

In the “CH” ON-medication dataset, accuracy was similar with and
without medication, opening up the possibility of avoiding overnight
medication withdrawal in the future.

While both methods, especially the “decision tree”, were generally
robust in different clinical and recording conditions, the “decision tree”
method using the “Max” feature may be more reliable in the OFF-
medication state and post-stun effect in individual patients. Adding the
elimination tree could enhance prediction validity in selected cases, and
further confirmation canbeobtainedusing the “patternbased”methodwith
the “AUC_flat” feature.

The studied population comprises a large cohort across three different
centres, but limitations in the generalisation of the results should be con-
sidered. In the “NL” dataset, none of the STN were stimulated through
contact-level 0, and only four (5.9%) through contact-level 3. This reflects
the preferences and accuracy of the lead placement, as during surgery it is
attempted to place the middle of the lead (contact-levels one and two,
capable of steering) within the STN. This positioning is thereafter addi-
tionally confirmedusing post-operative anatomical validation. This leads to
contact-levels one and two being placed most optimally, explaining why
these contact-levels are chosen for clinical stimulation with the highest
frequency. Similar clinical selection patterns were seen in the other two
datasets (“DE” level-0: 11.8%, level-3: 11.8%; “CH” level-0: 0.0%, level-3:
0.0%). Consequently, the evaluation of predictive techniques for contact-
levels 0 and 3 was limited in reliability. Notably, contact-level 3 demon-
strated the least favourable performance when assessed using the decision
tree approach. However, it remains uncertain whether this reduced per-
formance stems from the low sample size, clinical considerations such as a
low threshold for side-effects at other contact-levels, or an actual decline in
predictive accuracy for this level. Nonetheless, the correct identification of 6

Table 3 | Frequency of 1st/2nd ranked contact-levels corresponding to the clinically chosen stimulation level per rankingmodel
for all “NL” patients, subcategorised as with/without stun effect

Decision treea – “Max/AUC”
1st / 2nd ranked

Pattern based – “Max/AUC”
1st / 2nd ranked

DETEC algorithm
1st / 2nd ranked

No stun
(42 STN)

83.3% (35) 85.7% (36) 66.7% (28)

With stun
(26 STN)

96.2% (25) 65.4% (17) 46.2% (12)

Chi-squareb χ2 = 2.543, p = 0.111 χ2 = 3.860, p = 0.049 χ2 = 2.790, p = 0.095

Max: maximum power feature.
aResults for selection decision tree only.
bChi-square test was considered significant if two-sided p < 0.05.

Table 4 | Frequency of 1st/2nd ranked contact-levels corresponding to the clinically chosen stimulation level per rankingmodel
for all “CH” patients, for the ON- versus OFF-medication state

Decision treea - “Max”
1st / 2nd ranked

Pattern based – “Max”
1st / 2nd ranked

DETEC algorithm
1st / 2nd ranked

OFF-medication (21 STN) 85.7% (18) 66.7% (14) 47.6% (10)

ON- medication (35 STN) 71.4% (25) 68.6% (24) 51.4% (18)

Chi-squareb χ2 = 1.503, p = 0.220 χ2 = 0.022, p = 0.883 χ2 = 0.076, p = 0.783

Max maximum power feature.
aResults for selection decision tree only.
bChi-square test was considered significant if two-sided p < 0.05.
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out of 11 STNs at contact-levels 0 or 3 suggests that LFP-based contact
selection may still offer valuable guidance and reduce programming time
more effectively than defaulting to contact-levels 1 and 2 alone.

Additionally, although no artefacts were visually identified, there may
have been artefacts overlapping with the neurophysiological signal may
have been present. Furthermore, differences in impedances between
recording channels were not considered. Similarly, variations in distances
between recording levels were not directly corrected in the new techniques,
unlike the DETEC-algorithm. However, these distance variations were
indirectly addressed through averaging in the “pattern based”method and
through specific branch designs in the “decision tree”method.

The developed methods were not assessed for identifying the optimal
stimulation segment in directional contacts, as segmented BrainSense™
Survey recordings were unavailable for most patients. By contrast, other
algorithms, such as the DETEC algorithm, often support optimal segment
identification. Nonetheless, the choice of directionality forms a second step
in identifying the optimal stimulation, and is not needed in many indivi-
duals at the time of MPR28. At this time our methods do not include
directionality, but do enable a fast choice among the available contact-levels,
without the need for longer, additional segmented BrainSense™ Survey
recordings.

Another important point is that bipolar recordings reflect the differ-
ence in electrical activity between two recording points, making direct
translation to a single location with the highest activity inherently complex.
Crucially, our work represents one of several efforts to propose a viable
method for translating bipolar recordings to monopolar contact-level
selection. However, such translations will inherently involve some degree of
estimation. The future availability of (pseudo)monopolar LFP recordings
may enhance prediction accuracy by removing the need for bipolar-to-
monopolar translation, although this shiftmay introducenewchallenges for
implanted systems. Despite these advancements, bipolar recordings will
remain essential during therapeutic stimulation and are likely to continue
playing a pivotal role in the development of future adaptive systems.

We evaluated beta-based features within the 13–35Hz range, which
differs from the beta range shown by the clinician programmer (8–30Hz).
Additionally, a distinction between low- and high-beta activity was not
made for all analyses, as initial results showed no clear difference in pre-
dictive accuracy. Furthermore, not all patients exhibit a clear separation
between low- and high-beta peak, as many patients showed a single peak
around20–21Hz. In these cases separating low- andhigh-beta bandswould
artificially lead to two “Max” and “Max_flat” features, biasing the results.
Moreover, several patients only showed either low- or high-beta peaks but
not both. This further illustrates that the distinction between low- and high-
beta can be very complex and that specifically developing an algorithm for
the individual low- or high-beta band would complicate the clinical
workflow and reduce the clinical applicability. In this study we focussed
mainly on the full beta-band, aiming to develop a simple and robustmethod
that can be readily implemented in clinical practice. However, not all
patients show a distinct relation between beta suppression and motor
improvement29–31. Moreover, features from other frequencies may aid in
predicting optimal stimulation levels13,32–34.

After MPR, the contact-level for chronic stimulation is typically
selected based on the lowest threshold for therapeutic benefit, while also
considering the absence of side-effects. This implies that even if a contacthas
the lowest threshold for benefit, itmight still be excludeddue to the presence
of side-effects—an aspect that may not be fully reflected by LFP measure-
ments. In this retrospective study, we were unable to verify this, as some
necessary data were unavailable.

Additionally, if a stun effect occurs during MPR, the clinical contact
level might be chosen based on other considerations, such as anatomical
factors, personal preferences of the physician. Selecting a contact based on
these other alternative factors could potentially lead to a choice that is
suboptimal for stimulation. To correct for this, we also considered the
contact-level used for stimulation 6–12months after implant and found few
differences (in 9–13 STN, ≤ 25%). Finally, even though the Percept PC®

sensing capabilities were programmatically not used to select the most
optimal contact-level during clinical programming, we cannot guarantee
that physicians were blinded to the results of the sensing due to the retro-
spective character of the study. However, the fact that across all STN 86%of
the contacts selected for chronic stimulation remained unchanged after
6–12 months further confirms that the clinical contact-level choice during
MPR was indeed clinically optimal.

This study introduces and validates both online and offline tools for
supporting selection of optimal clinical contact-levels, potentially reducing
the time required for the initial optimal contact-level selection. The pre-
sented novel approaches are robust under varying clinical conditions. The
online decision tree is particularly practical for clinical use.

Future research should explore including directionality using the
segmented BrainSense™ Survey recordings, and should consider incorpor-
ating features from other frequency bands, which may relate to certain PD
symptoms and/or disease states35. In addition, integrating ourmethodswith
imaging data could provide information on the expected locations of side-
effects. Including information on stimulation-induced beta-suppression
could further enhance optimal contact-level selection21,23. Future availability
of monopolar LFP recordings might also improve predictions by elim-
inating the need for a bipolar to monopolar translation, although new
challenges may arise in implanted systems.

While the proposed methods can enhance LFP-based contact-level
selection and reduce testing time, especially in case of clinical complexity,
clinical judgement and case-by-case considerations should always remain.

Methods
Study design
This study concerns a retrospective, international multi-centre study
across three DBS centres: Haga Teaching Hospital/Leiden University
Medical Centre (The Netherlands (NL)); Lausanne University Hospital,
(Switzerland (CH)); University Hospital of Würzburg (Germany (DE)).
In the three participating centres, PD patients implanted in the STN with
directional Sensight™ leads in combination with the Percept PC® neu-
rostimulator (Medtronic, Minneapolis) were screened for inclusion. The
Medical ethical committee Leiden-Den Haag-Delft (reference N23.007),
the local Ethical Committee of the University of Würzburg (reference n.
103/20-am) and the Ethics Committee of the Canton de Vaud, Swit-
zerland (reference PB_2017-00064) approved the respective studies and/
or waived review for the data collection of the respective centre. All
patients gave written informed consent or consent was obtained through
an opt-out procedure for the reuse of routinely recorded health data for
scientific research as approved by the ethics committee, according to the
Declaration of Helsinki.

Data acquisition
Contact-level bipolar LFP recordings conducted in the OFF-medication
state (i.e. after overnight suspension of all dopaminergic drugs) with the
BrainSense™Surveywereused.TheBrainSense™Survey enables 90-s in-clinic
recordings with stimulation OFF, capturing ~21 s of LFP power spectra per
contact pair online, plus raw time-domain data (250Hz) for offline analysis.
This research focussed on contact-level recordings (rings 0 and 3 and virtual
rings 1abc and 2abc, each composed of 3 independent segments) of the
directional Sensight™ lead, and did not evaluate individual segments (1a,-b,-
c or 2a,-b,-c). All “NL” and “CH” recordingswere performedwithin thefirst
two weeks after lead implantation without previous DBS therapy, whereas
“DE” measurements were mostly collected after a longer follow-up with a
stimulation washout period of approximately 3 h prior to MPR.

The contact-level chosen for chronic stimulation by the clinician after
MPR served as a reference for all the LFP-based predictions. MPR was
performed according to the clinical standard protocol (≥12 h OFF-medi-
cation), evaluation of side-effects and selected UPDRS-III scores at each
contact level using small incremental increases in stimulation amplitude,
between 8 days and 3 months after lead implantation. For all centres, we
additionally compared the level of the electrodes used for chronic
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stimulation at 1 year after surgery. In the case of interleavedprogramming at
follow-up, we considered the contact with the highest stimulation ampli-
tude, or, in the case of an equal contribution by both contacts, the contact
with the smallest distance to the contact chosen at MPR. If directional
stimulation was applied at follow-up the contact-level containing the active
segment was considered.

Data pre-processing and feature extraction
Matlab (versionR2022b,MathWorks®) was used for all data pre-processing
and analyses.

Available Brainsense™ Survey measurements were visually inspected
for potential artefacts in the frequency and time domain. For the analyses,
the frequency and power data derived from the time-to-frequency con-
version embedded in the Percept PC® neurostimulator were used. Feature
power values were thereafter determined by means of a custom Matlab
script (https://doi.org/10.17605/OSF.IO/FZN8D). All analyses were per-
formed for the left and right hemispheres separately. Stimulation contact-
levels for both hemispheres were numbered 0, 1, 2 and 3 (ventral, ven-
tromedial, dorsomedial, dorsal). When using the Brainsense™ Surveymea-
surement bipolar recordings are conducted for the following six channels
(contact-level pairs): 0–1; 0–2; 0–3; 1–2; 1–3; 2–3.

From all recording channels, four features of the beta-frequency band
(13–35Hz) were extracted. The first is the maximum beta power value
(“Max”), commonly used in clinical practice, as it is easily readable from the
clinician programmer’s screen. To account for varying background noise
across contacts, we also assessed this feature after removing the 1/f com-
ponent (“Max_flat”) using the FOOOF algorithm (v1.0.0 with MATLAB
wrapper v1.0.0), which decomposes the 1–100Hz power spectrum into
aperiodic and periodic components via parametric curve fitting, optimising
the modelled spectrum with a least-squared-error approach36. The third
feature was the area under the curve over the whole beta-frequency band
(“AUC”), whichmay bemore representative or stable than a simple discrete
value but requires offline analysis. This feature was additionally evaluated
after removing the aperiodic 1/f component (“AUC_flat”) (Fig. 3). For the
main analyses, only Brainsense™ Survey recordings with a detectable beta-
peak were included. The presence of the beta-peak was determined using a
threshold for the “AUC_flat” value. In secondary analyses, the impact of
limited beta-activity on the predictive accuracy of the proposed techniques
was further assessed. Furthermore, in the subset of “NL” patients we eval-
uated the predictive accuracy of the techniqueswhen individually focussing
on the low-beta (13–20Hz) or high-beta (21–35Hz) peak activity (“Max”
feature).

From clinically-chosen contact-level to recording channel
ranking
We aimed to determine the relation between bipolar recordings and clinical
choice. To this end, for each clinically chosen contact-level across all

hemispheres, we ranked all LFP recording channels based on the amplitude
of each of the four aforementioned features individually (Fig. 1 and Sup-
plementary Fig. 1).

From recordings to contact-level prediction
To test the possibility of predicting the clinically-chosen contact-level
directly fromLFP recordings, two custom rankingmethods were developed
and evaluated, together with an existing ranking model (DETEC-
algorithm20). All “NL” recordings were used to design the ranking methods
(training set). External validation was performed using the “CH” and “DE”
datasets (validation sets).

Thefirst customrankingmethod, the “decision tree”method involves a
decision tree set of hierarchicalmodels. Thismethodwas developed as a tool
to be used for online, in-clinic applications. The appliedmethod is based on
the physical principle that strongbeta power observedbetweencontact pairs
results from a large difference in beta-power between these contact-levels. A
high difference in beta-power indicates that one contact-level is very close,
while the other is expected to be relatively far from the beta-source (i.e.,
sweet spot), for example inside or outside the motor part of the STN. By
analysing which pairs and locations across the lead show the strongest beta
activity, we can infer which individual contact-levels are located closest to
the beta source. Based on this principle the decision tree is sequentially
navigated using the channels with the first, second, and, when applicable,
third highest feature values. The additional third step in the tree applies
mostly when the second highest feature value leads to a channel with a large
intercontact distance. By doing so the method accounts for differences in
intercontact distance.

There are two types of decision trees, a “selection tree” and an ”elim-
ination tree”, which can be applied consecutively. The “selection tree” uses
the three bipolar recordings with the highest beta-peak (“Max” feature) to
select the two best stimulation contact-levels (Fig. 4 and Supplementary Fig.
2). The two best contact-levels are always assumed to be adjacent levels (i.e
0&1 or 1&2 or 2&3), as we expect a single beta-source. Contact-levels at the
top (2&3) or bottom (0&1) of the lead are selected when the highest dif-
ference in beta power occurs in channels surrounding themiddle 2 contact-
levels of the lead (i.e. 0–2, 1–3, 0–3), followed by channels located at the top
or bottomof the lead (i.e. 0–1 or 2–3), as this indicates that the beta-source is
either at the top or bottom of the lead. For instance, if the highest feature
value is present in channel 1–3, followed by channel 0–3, the strongest beta-
power can be located at the top (3) or bottom (0/1) of the lead. If the third
highest feature value is then located in channel 2–3 we expect the strongest
beta power to be located in the contact-levels at the top of the lead (2&3), as
opposed to the bottom contact-levels (0&1) (see different example in Fig. 4).

Contact-levels at the middle of the lead (1&2) are selected when the
highest difference in beta power occurs most in channels surrounding the
middle 2 contact-levels of the lead (i.e. 0–2, 1–3, 0–3), followed by channels
located at the middle of the lead (i.e. 1–2), as this indicates that the beta-

Fig. 3 | Feature extraction method. This figure
demonstrates the use of the original spectrum and
FOOOF-algorithm aperiodic fit for the extraction of
four beta-band power measures: the maximum
power (Max); the maximum flattened (i.e. after
removal of the aperiodic signal component) power
(Max_flat); the area under the curve (AUC); and the
flattened area under the curve (AUC_flat).
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source is most likely at the middle of the lead. For instance, if the highest
feature value is present in channel 1–3, followed by channel 0–2, the
strongest beta power can be located anywhere across the lead. If this is then
followed by channel 1–2,we expect the strongest beta power to be located at
the middle contact-levels (1&2).

As a second step the “elimination tree” can help discard the least
promising stimulation levels by looking at the bipolar recordings with the
lowest beta-peak (Supplementary Fig. 3). The same principles apply as with
the “selection tree”, but contact-levels can only be eliminated when it is
certain they are not part of the beta-source. As a result, sometimes only one
contact-level is eliminated instead of two. For example, if the lowest beta
powerdifference is observed in channel 1–3, followedby0–3, the lowest beta
power is likely at the top (3) or bottom (0/1) of the lead. If channel 0–1
follows with the third lowest beta power, both assumptions are probably
correct, and contact-levels 0 and 3 can be eliminated. However, if channel
1–2 follows, we cannot exclude the possibility that the bottomof the lead (0/
1) is part of the beta-source, so only contact-level 3 can be eliminated.

We tested whether the use of the elimination tree in addition to the
selection tree increased the accuracy. This online selection technique was
additionally tested for the three remaining features (AUC, Max_flat and
AUC_flat). However, results relying on the “Max” feature are considered of
greatest value as this method is most viable in an online clinical setting.

The second custom ranking method, the “pattern based” method,
involves a non-iterative method that maps the distribution of beta fea-
tures across all bipolar recording pairs and provides an estimate of

relevance for all stimulation contact candidates (https://doi.org/10.
17605/OSF.IO/FZN8D). Albeit more computationally expensive, this
“pattern based” process allows offline confirmation of the choice derived
from the online decision-tree approach. Contributions to each stimula-
tion contact may come from bipolar combinations that include the
contact, as well as from pairs that surround the contact, our approach
inherently accounts for both. Additionally, this method partially com-
pensates for variations in intercontact distance by averaging across all
distances and subsequently comparing results between contact-levels
that share the same (average) distance.

In this “pattern based” method, beta features of all channels are
first mapped onto a heatmap to represent the spatial distribution of
the beta feature and the relative power that each bipolar recording
channel conveys. This heatmap can then be used to derive the overall
contribution of beta power to each contact-level by combining two
methods. Method 1: averages the feature value across all channels
which include the contact (e.g. for level 0: channel 0–1, channel 0–2
and channel 0–3); method 2: evaluates the feature value of the
channels surrounding level 1 and 2 (e.g. for level 1: channel 0–2). The
maximum value from bothmethods is kept, and the contact-level with
the highest feature value is selected as the optimal DBS contact-level
(Fig. 5).

We aimed to compare the results of both the online and offline
developed custom ranking methods to existing algorithms. As we only had
access to level-based Brainsense™ Survey recordings, the only published

Fig. 4 | The “decision tree” ranking method. This figure shows an example of the
“selection decision tree” online ranking technique which uses the two or three
recording channels with the highest beta feature value to select the two most likely
best contact-levels. A For this method the clinician performs a BrainSense™ Survey
for the contact-levels using the clinician programmer. These contact-level record-
ings can thereafter be used on-screen to visually select the channel (contact pair) with
the highest beta peak (i.e. channel “0 to 2” in this example). B This information is
used to choose the appropriate “selection decision tree”, i.e. the onewhich starts with
the selected channel. Hereafter, the channel with the second highest beta peak (here

channel “1 to 2”) is selected in the first branch of the decision tree. Finally, the
channel with the third highest beta peak (here channel “0 to 3”) is selected in the
second and final branch. The final block highlights the most promising contact-
levels, identified here as levels 0 and 1. The large power between contact pairs 0–2
and 1–2 (highest and second-highest) could be due to either high power on contact 2
(and low on 0 and 1), or high power on contacts 0 and 1 (and low on 2). Because the
third highest power is on contact pairs 0–3, this indicates that the large power is on 0
(and thus not on 2), only leaving out 0 and 1. These conclusions are derived using the
“selection decision tree” technique only.
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algorithm that could be included was the DETEC-algorithm (Eq. 1), which
is an offline algorithm20.

PSDweighted ¼
Pn

i¼1PSDi � 1
diPn

i¼1
1
di

ð1Þ

InEq.(1), PSDi is the power spectral density frombipolar recording ίof the n
bipolar recordings involving the investigated contact-level. dί is the distance
between the centre of the investigated contact-level and its bipolar recording
partner for each ίi-th bipolar recording (mm).

Model evaluation
To assess each ranking model’s performance, we calculated how often the
clinically chosen stimulation level matched the 1st ranked contact-level, or
the 1st or 2nd ranked level (without any priority/weight), based on LFP.
Including both the 1st and 2nd ranked levels allowed fair comparison
between the “decision tree” method, which often selects two optimal con-
tact-levels, and the othermodels, where a single optimal contact-level can be
selected.

Ranking models were additionally evaluated for sub-groups
based on their amount of AUC beta activity without 1/f, (“AUC_flat”
feature). Visual inspection defined that below a threshold of 0.6µV,
the detection of a beta-peak was unclear. We thus clustered hemi-
spheres into the following three groups: (i) “clear beta”: at least one
channel with “AUC_flat” ≥0.6 µV. (ii) “little beta”: one or more
channels with “AUC_flat” between 0.0 and 0.6 µV. (iii) “background
signal only”: all channels with “AUC_flat” ≤0.0 µV. Even in cases
with a flattened power (“little beta” or “background signal only”), we
could still extract an order from the global beta (i.e., background
activity in the beta-band) (Supplementary Fig. 4). Therefore, ranking

using the “AUC” feature is still possible in these cases, providing
similar results as visual ranking of background activity in clinical
practice.

For the “NL” dataset, rankingmodels were evaluated for a subgroup of
hemispheres with a stun effect at the time of MPR. A stun effect was con-
sidered when the symptoms were too mild to allow a reliable clinical eva-
luation at MPR (MDS-UPDRS-III OFF-medication score for bradykinesia,
rigidity and tremor equal to 0 or 1).

The predictive accuracy of the algorithmswas also assessed for a subset
of LFP recordings (“CH” ON) where patients were ON-medication (i.e.
practically defined ON).

Statistical analysis
Differences in population characteristics were evaluated using a Kruskal-
Wallis test for numerical data or aChi-Square test in case of categorical data.
A Chi-square test was used to investigate significant differences in perfor-
mance based on the subgroups described in 2.4.1–2.4.3. In all statistical
evaluations, a two-sided p-value smaller than 0.05 was considered
significant.

Data availability
The datasets used and analysed during the current study available from the
corresponding author on reasonable request.

Code availability
The underlying code for this study is available in the Open Science Fra-
mework and can be accessed via https://doi.org/10.17605/OSF.IO/FZN8D.
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Fig. 5 | The “pattern based” ranking method. This figure shows an example for the
“pattern based” ranking technique which computes a single feature value per eligible
contact-level to use for the selection of the optimal stimulation level. A The feature
value (example infigure = area under the curve (AUC)) is determined for all recording
channels (contact pairs) on one lead. This information is thereafter summarised in a
single imagewhere the intersection of contact-levels is represented on two axes using a
heatmap with colour intensity corresponding to the feature value. (In this example
maximum AUC power was at contact pairs 1–3 and minimum at contact pairs 2–3).
B The information in the summary image is thereafter converted using the “pattern
based”method to provide a single “beta-power contribution” value for each of the four
eligible contact-levels. This conversion is performed by: (1) averaging all feature values

for channels including a certain level and assigning this value to the respective contact-
level (e.g. for level 0 feature values of: channel 0–1, channel 0–2 and channel 0–3 – red
arrows - are averaged to obtain a single “beta-power contribution” value for level 0),
and (2) in addition, for contact levels 1 and 2, the feature power of the contact pairs
adjacent to these levels (e.g. for level 1: channel 0–2, blue arrows) is compared to the
values obtained in step (1) and the highest value between the two is assigned to these
contact levels. This result is stored in a single “beta-power contribution” value per
eligible contact-level. The levelwith the highest assigned value is then considered as the
predicted optimal level (Here: level 2). This prediction can then be compared to the
optimal clinical level selected by the physician (green in the figure) to determine the
predictive accuracy of the “pattern based” technique.
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