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ARTICLE INFO ABSTRACT
Keywords: Introduction: Deep Brain Stimulation is an established treatment for movement disorders. Data-driven approaches
Deep Brain Stimulation like probabilistic mapping and predictive modeling are being increasingly used to optimize stimulation

Effect Prediction

: ) parameter selection. However, it remains unclear whether intra-operative test data alone can reliably inform
Machine Learning

such models. Clarifying the predictive value of intra-operative data is essential, as it may influence data
collection strategies and surgical and programming protocols.

Objective: This study examined whether post-operative DBS effects can be accurately predicted using intra-
operative data alone or if post-operative information is required.

Methods: A dataset comprising 1117 intra-operative and 1553 post-operative stimulation tests from 35 patients
(14 Essential Tremor, 21 Parkinson’s Disease) was analyzed. Volumes of Tissue Activated (VTAs) were simulated
to generate probabilistic maps, from which mapping and target anatomy-related features were extracted to train
predictive classification models (low and high improvement, side effects). Model performance was assessed
across scenarios linking intra- and post-operative data.

Results: Intra-operative data effectively identified regions associated with optimal stimulation, highlighting their
utility in guiding parameter selection (predictive accuracy ~60%). However, the predictive relationship between
VTAs, probabilistic maps, and clinical outcomes differed between intra- and post-operative contexts. When
trained solely on intra-operative VTAs, the model performed at a near chance level (predictive accuracy ~35%).
Discussion: The study demonstrates that while intra-operative data are useful for identifying optimal target re-
gions, they are insufficient for accurately predicting post-operative DBS outcomes. Incorporating post-operative
data remains crucial for reliable and clinically meaningful DBS effect prediction.

Abbreviations: BA, Balanced Accuracy; BF, Bayes Factor; DBS, Deep Brain Stimulation; EF, Electric Field; ET, Essential Tremor; KNN, K-Nearest Neighbors; PD,
Parkinson’s Disease; PSS, Probabilistic Sweet Spot; PSM, Probabilistic Stimulation Maps; SE, Side Effects; SMOTE, Synthetic Minority Over-sampling Technique; STN,
Subthalamic nucleus; Vim, Ventrointermediate nucleus of the thalamus; VTA, Volume of Tissue Activated; XGBoost, Gradient Boosted Decision Tree classifier.
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1. Introduction

Deep Brain Stimulation (DBS) is a well-established therapy for
movement disorders, particularly Essential Tremor (ET) and Parkinson’s
Disease (PD) [1]. Its therapeutic effect relies on delivering electrical
stimulation to specific anatomical targets in the brain. These targets
differ depending on the disease and symptoms being treated, and in
some cases also vary between clinical centers [2,3]. The success of DBS
depends not only on accurate electrode placement but also on careful
adjustment of stimulation parameters. Optimal settings are typically
identified during one or more programming sessions, where clinicians
test multiple configurations to maximize symptom relief while mini-
mizing side effects. This trial-and-error process is often lengthy and
uncomfortable for patients [4]. Data-driven tools have been developed
to make programming faster and more efficient. Probabilistic mapping
(PSM) identifies brain regions that lead to symptom improvement or
worsening in a patient cohort [5,6]. This is achieved by simulating the
volumes of tissue activated (VTAs) by specific stimulation settings [7],
transferring them into a common anatomical space (e.g. anatomical
atlas) [8-10] and applying voxel-wise statistical testing to identify
voxels significantly linked to the investigated effect [11]. Effect pre-
diction models build on this knowledge to estimate the likely outcomes
of specific stimulation settings. By providing clinicians with informed
starting points, they can reduce the number of adjustments needed and
improve the overall patient experience [12]. Several models have been
proposed to predict the DBS effect, using a variety of input features.
Most are based on machine learning [13-22], with a smaller number of
studies applying deep learning approaches [23,24]. The features used
are derived from stimulation settings [23,25], probabilistic mapping
and VTAs [13,16,18-20,22,26-28], demographic and anatomical in-
formation [13,29-32], structural [33] and functional [12] connectivity
analyses, and electrophysiology measurements from microelectrode
recordings (MER) [34] or local field potentials (LFP) [35]. Different
combinations of these inputs have been tested, yielding accuracies
higher than 70% in both binary [20,28] and three-class [13] classifi-
cation tasks. However, the VTA or PSM-based studies mentioned above
have been trained and validated on data collected post-operatively. In
previous work, we have shown that effect prediction approaches can
also be successfully applied to intra-operative stimulation data [36].
Building on this, the aim of the present study was to integrate
intra-operative and post-operative stimulation tests within a unified DBS
effect prediction framework. Specifically, we sought to determine
whether the prediction of post-operative outcomes could be informed or
enhanced by incorporating intra-operative data, a question of clinical
relevance since an accurate intra-operative data-based prediction could
potentially reduce the need for extensive post-operative programming.
Moreover, understanding the usefulness of intra-operative data may
inform the design of surgical protocols, particularly decisions regarding
the use of local versus general anesthesia. To this end, we analyzed a
patient cohort with extensive intra-operative and post-operative testing,
extracted a set of VTA- and probabilistic mapping-based features, and
trained an effect prediction model. The model was then evaluated under
different scenarios designed to investigate the link and patterns between
intra-operative and post-operative testing data.

2. Materials and methods
2.1. Patient and clinical data

2.1.1. Main patient cohort

The study was carried out on a main cohort of 14 patients affected by
ET. The patients received DBS targeting in the ventrointermediate nu-
cleus of the thalamus (Vim) for tremor alleviation, at the Department of
Neurosurgery of Clermont-Ferrand University Hospital, France between
2008 and 2018. All the patients were implanted bilaterally under local
anesthesia with the left brain hemisphere being the first implanted. Two
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patients were implanted with Abbott SJM 6170 electrodes (diameter
1.27 mm), while the rest were implanted with Medtronic 3389 leads
(diameter 1.27 mm). The patients signed a written informed consent for
the retrospective analysis of data (Ptolemee Electrophysiologie project:
IRB 5921, CE-CIC-GREN-18-03).

2.1.2. Second patient cohort

A second patient cohort affected by a different disorder was included
to assess whether the findings from the primary cohort were reproduc-
ible and generalizable rather than cohort-specific. This cohort
comprised 21 patients with Parkinson’s Disease who underwent sub-
thalamic nucleus (STN) DBS at the same clinical institution. Hereafter,
this cohort is referred to as the STN cohort, whereas the primary cohort
is referred to as the Vim cohort.

2.1.3. Intra-operative stimulation tests

Intra-operative stimulation tests (Table S1) were performed over
14 mm (1 mm step) along 2 parallel trajectories, 2 mm apart, with a
microelectrode (Alpha-Omega Engineering, Israel; frequency 130 Hz;
pulse width 60 ps; diameter 0.5 mm). The current amplitude was
increased from 0.2 mA to 3 mA in steps of 0.2 mA. Symptom improve-
ment with respect to baseline was assessed by the same experienced
neurosurgeon (JJL) and neurologist (BD or PD) and categorized ac-
cording to a 5-point rating scale: 0% (no improvement), 25% (poor
improvement), 50% (fair improvement), 75% (good improvement),
100% (complete symptom alleviation) with some intermediate scores if
needed. The baseline was determined during the few seconds preceding
the stimulation. The minimum stimulation amplitude that produced
optimal symptom improvement, as well as the maximum amplitude
tolerated before the onset of adverse effects (oculomotor effects,
paresthesia, and dysarthria), were documented. This data has also been
used in [36-38]. The distributions of intra-operative improvement
scores are shown in Fig. 1A.

2.1.4. Post-operative stimulation tests

Post-operative tests (Table S1) were performed approximately 3
months after surgery to ensure the absence of lesioning effects due to the
procedure. Each electrode contact was individually evaluated by
increasing stimulation voltage from 1 V to 5V in steps of 0.3 V (pulse
width 60us, frequency 130 Hz).

For each combination of contact and voltage, symptom severity was
evaluated using a 5-point rating scale ranging from 0 to 100, consistent
with the one employed during intra-operative assessments. Also in this
case, the symptom baseline was determined before starting the stimu-
lation tests. Occurrence of side effects was also noted with the same
categories used intra-operatively. Although patients were assessed
across multiple symptoms, this study focused exclusively on tremor for
the Vim cohort and rigidity for the STN cohort to enable comparison
with intra-operative data. To ensure consistency with the intra-operative
dataset, only the largest non-effective VTA was included for each elec-
trode contact, excluding smaller VTAs that also failed to elicit
improvement. The distributions of post-operative improvement scores
are shown in Fig. 1B.

2.2. Probabilistic maps generation

Probabilistic maps were generated separately for the Vim and STN
cohorts. The probabilistic mapping procedure is described in [39] and
[40] and summarized in Fig. 2. Patient-specific brain tissue conductivity
models were generated from MR T1 images with the software ELMA?
[41]. Conductivity values were set to 2.0 S/m for the cerebrospinal
fluid, 0.123 S/m for the grey matter and 0.075 S/m for the white matter
considering the pulse width of 60 us and the pulse frequency of 130 Hz.

2 https://liu.se/en/article/ne-downloads
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Fig. 1. Improvement scores distribution for intra-operative (A) and post-operative (B) stimulation tests for STN (on the left) and Vim (on the right) cohorts. The
scores are further subdivided by brain hemisphere, with the right hemisphere counts in a darker shade and the left hemisphere counts in a lighter shade.
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Fig. 2. Graphical representation of the probabilistic mapping workflow. A) Patient-specific brain conductivity model generated by segmentation of the patient’s
T1 MRI. B) Simulation of the electric field to obtain Volumes of Tissue Activated (VTA). C) Labelling of the VTAs with the associated observed effects and trans-
formation to the cohort-specific anatomical template[47]. D) Statistical testing to determine Sweet Spot or Side Effects volume. Figure modified from [38].

The affine transformation for placement of the intra-operative electrode
models in the patient reference space was calculated from the Leksell
coordinates in 3D Slicer’ [42] using the Stereotaxia plugin [43].
Manually annotated post-operative electrode trajectories were obtained
after registering the post-operative CT image to the pre-operative T1
MRI in 3D Slicer. The Electric Field (EF) spread corresponding to the
tested stimulation parameters was simulated in T1 space using Comsol
Multiphysics 5.5 (COMSOL AB, Sweden). VTAs were delineated using an
electric field threshold of 0.2 V/mm, which approximates the activation
of 3-4 pm myelinated axons. Differences in electrode geometry and
stimulation modality were accounted for during the EF simulation [44,
45]. For the intra-operative simulations the guide tubes of the explora-
tion electrodes were set as ground and the active electrode was assigned
the current used during the stimulation tests. For the post-operative
simulations the electrodes were in monopolar configuration with the
active contact acting as voltage source and the outer surface of the

3 https://www.slicer.org/
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simulation domain set to ground. The smallest elements (0.204 mm) of
the Finite Element Modelling mesh were located nearby the stimulating
contacts in order to capture the strong EF gradients. A more detailed
description of the EF simulations can be found in [7,44,46]. The VTAs
were then transformed into a cohort-specific anatomical template [9,47]
and labelled with their associated DBS effect.

Voxel-wise statistical testing was performed to identify brain regions
linked to symptom improvement (Probabilistic Sweet Spot, PSS) or to
the occurrence of side effects (SE). A Bayesian t-test with normal prior
was applied to the VTAs associated with improvement. Voxels with a
Bayes Factor (BF)> 10 were classified as part of the PSS. A BF> 10 in-
dicates strong evidence in favor of the alternative hypothesis [48] Hj:
“improvement_voxel>threshold”, meaning that the improvement
observed in a given voxel exceeds a predefined threshold. A threshold of
50% was chosen to enable calculation of PSS for both intra-operative
and post-operative scenarios, given the medians of the improvement
score distributions (Fig. 1). Due to the limited number of tests resulting
in side effects, different types of side effects were combined to define a
general side effect volume for each cohort. The information about side


https://www.slicer.org/

V. Bucciarelli et al.

effects is binary (side effect / no side effect); thus, voxels were tested
with a binomial test with False Discovery Rate correction. Voxels with
p-value<0.05 were included in the SE volume. Voxels stimulated in
fewer than 25% of patients, or less than 10% of the maximum voxel-wise
stimulation count, were excluded from both PSS and SE. PSS and SE
were computed from intra-operative data only, post-operative data only,
or by integrating intra-operative and post-operative data (combined
maps).

Furthermore, a stimulation count map (nMap), indicating the fre-
quency with which each voxel was stimulated, and a voxel-wise
weighted mean improvement map (wMeanMap) were generated.

2.3. Dataset features and target variable

Twenty-two features were derived from the relationships between
the VTA and anatomy (target structure, Nfeatures=6) and the VTA and
probabilistic maps (nfeatures=16) (Table 1). A detailed explanation of the
features is provided in the Supplementary material — Section 2. The
features were used to predict the effect caused by the VTA. The subject
identifier was included to evaluate the model’s capacity for subject-
specific learning, particularly in scenarios where intra-operative data
from the same individual were available to inform the prediction of post-
operative outcomes. Due to the discrete nature of the available DBS
effect ratings, the outcome variable (DBS effect) was classified into three
categories of clinical interest:

e Class 0: side effects
e Class 1: no or low improvement (<50%)
e Class 2: medium or high improvement (>50%)

When a stimulation setting simultaneously produced symptom
improvement and side effects, precedence was given to the side effect
outcome. Thus, such stimulation settings were assigned to the side effect
class (Class 0).

2.3.1. Target classes distribution

During intra-operative testing, the most frequent category was class
2 (high improvement), comprising 247 and 377 samples in the Vim and
STN samples respectively (Table S2). A comparable distribution was
observed in the post-operative assessments, with class 2 again repre-
senting the largest proportion of cases (335 for the Vim cohort and 344
for the STN cohort).

Table 1

Features used for DBS outcome prediction. The target structure was the patient-
specific target structure segmented by the neurosurgeon on the patient’s pre-
operative MR image. Relative distances R, S and A are, respectively, the dis-
tances in right-left, superior-inferior and anterior-posterior orientation between
the centroid of the VTA and the centroid of either the target structure, the PSS or
the SE. Abbreviations: VTA=Volume of Tissue Activated; PSS=Probabilistic
Sweet Spot; SE=Side Effects; BF=Bayes Factor: Dice=Dice coefficient; Haus-
dorff=Hausdorff distance; nMap=stimulation frequency map; wMean-
Map=weighted mean improvement map.

Category Features list

Anatomy VTA-target structure overlap Dice, VTA-target structure
centroid distance, VTA-target structure Hausdorff, VTA-
target structure relative distance (R, A, S)

VTA-PSS overlap Dice, mean(BF) in VTA-PSS overlap,
mean(BF) in VTA, VTA-PSS centroid distance, VTA-PSS
relative distance (R, A, S)

VTA-SE overlap Dice, VTA-SE centroid distance, VTA-SE
relative distance (R, A, S)

Probabilistic Sweet
Spot (PSS)

Side Effects (SE)

Other maps max(nMap) inside VTA, mean(wMeanMap) in VTA, max
(wMeanMap) in VTA, VTA volume
Other Patient_id, session (intra-operative/post-operative),

hemisphere

25

Deep Brain Stimulation 15 (2026) 22-34
2.4. Prediction pipeline
The prediction pipeline is illustrated in Fig. 3.

2.4.1. Feature preprocessing

Prior to model training, numerical features were first imputed to
handle missing values, if any, using a K-Nearest Neighbors (KNN)
imputer with k = 5. This approach estimates missing values based on
the five nearest neighbors in feature space, preserving the underlying
structure of the data. Notably, in our datasets, missing values were
observed only for the anatomical features of a single patient in the Vim
cohort, for whom the corresponding anatomical label file was unavai-
lable. Subsequently, all numerical features were standardized using z-
score normalization (mean=0 and variance=1) to ensure comparable
scales across features. Categorical variables were encoded using one-hot
encoding [49] to convert them into a numerical format suitable for
machine learning. In addition, patient identifiers were encoded
numerically to include patient-level information as a feature, accounting
for potential intra-patient correlations.

2.4.2. Class balancing

To mitigate group imbalance in the three-class classification task,
Synthetic Minority Over-sampling Technique (SMOTE) [50] was applied
to the training set. SMOTE generates synthetic examples for minority
classes by interpolating existing samples in feature space, allowing the
classifier to better learn decision boundaries for underrepresented
groups.

2.4.3. Prediction model

A Gradient Boosted Decision Tree classifier (XGBoost) [51] was
trained on the computed and preprocessed features. XGBoost was
selected due to its robustness to heterogeneous feature distributions, its
ability to model non-linear relationships, and suitability for multi-class
classification problems. The classifier was trained using the multi-class
logarithmic loss (mlogloss) as the objective function. After training,
the model generated predicted probabilities for each class. Class pre-
dictions were obtained by selecting the class with the highest predicted
probability.

The prediction was performed separately on the Vim and STN co-
horts, due to the difference in evaluated symptoms (tremor for Vim,
rigidity for STN).

The analysis was conducted in Python 3.12 on a 32-core AMD
2990WX 3.80 GHz workstation with 128 GB of RAM. The gradient
boosting model was implemented using the XGBoost library, and addi-
tional machine learning tools, including data preprocessing, model
evaluation, and feature importance analysis, were performed using
scikit-learn (sklearn).

2.5. Model validation and evaluation

2.5.1. Validation scenarios

To assess whether incorporating intra-operative data could improve
predictions of post-operative outcomes, model performance was evalu-
ated across seven scenarios, each addressing a specific question. The
scenarios are graphically represented and summarized in Table 2.

e Scenario 1: Prediction performance of intra-operative data on intra-
operative data: how good is the prediction performance on intra-
operative data?

e Scenario 2: Prediction performance of post-operative data on post-
operative data: how good is the prediction performance on post-
operative data?

* https://scikit-learn.org/stable/
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Probabilistic Mapping and @? . Features preprocessing Prediction model and
feature calculation é effect classification
22 numerical KNN imputation for Decision Tree
S > missing values 1
z-score * Peclass_0, Pclass_1, Pelass_2
normalization SMOTE on
3 categorical training set Output

— One-hot encoding

features Class 0|Class 1|Class 2

Fig. 3. DBS effects prediction pipeline. After defining Probabilistic Sweet Spots and Side Effect areas with the probabilistic mapping workflow, features are
calculated for each VTA. Numerical features undergo K-Nearest Neighbors (KNN) imputation and z-score normalization while categorical features are one-hot
encoded. The training dataset is oversampled with the Synthetic Minority Over-sampling Technique (SMOTE) to mitigate class imbalance. The features are fed
into a Gradient Boosted Decision Tree classifier (XGBoost) model that outputs a probability (p) for each of the 3 output classes. The predicted class is the one with the
highest probability.

Table 2

Summary of usage of intra-operative and post-operative VTAs and probabilistic maps in the seven validation scenarios. T: training; V: validation; -: element not used.
Circles with thick borders: VTAs; circles without border: probabilistic maps. Intra-operative: purple; post-operative: blue. The maps with a color fading from blue to
purple in Scenarios 6 and 7 indicate the combined maps calculated by integrating intra-operative and post-operative data. Scenarios requiring the usage of a leave-one-
out strategy to avoid data leakage are marked with the people group symbol.

Scenario | Intra-op. | Intra-op. | Post-op. | Post-op. | Graphical representation
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e Scenario 3: Generalization from intra-operative to post-operative For leave-one-out validation scenarios, probabilistic maps were
outcomes: can intra-operative tests and probabilistic maps gener- recomputed n times, where n is the number of patients in the cohort, to
alize to predict post-operative outcomes? prevent data leakage between the training and validation sets. In each

e Scenario 4: Predictive utility of intra-operative probabilistic maps: fold, all stimulation recordings belonging to the held-out patient were
can probabilistic maps derived from intra-operative data reliably excluded from both probabilistic map generation and predictive model
predict post-operative outcomes? training, ensuring that the validation was performed on a completely

e Scenario 5: Transferability of learned relationships across contexts: unseen patient. Scenarios 1 and 2 served as reference benchmarks, as the
are the relationships between VTAs/maps and outcomes learned model is expected to perform best on uniform datasets.
intra-operatively transferable to the post-operative context?

e Scenario 6: Integration of intra-operative and post-operative data: 2.5.2. Model evaluation
does combining intra-operative and post-operative data for training Model performance was assessed using:
improve the prediction performance?

e Scenario 7: Predictive utility of combined probabilistic maps: can e Balanced accuracy (BA) (Eq. 1) which measures how well a model
probabilistic maps derived from both intra- and post-operative data correctly classifies classes, range [0, 1]:

be used to predict post-operative outcomes?
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P,

BA = IXC: Ui ¢h)
- C &/ TP +FN;

e Precision (Eq. 2) which indicates how many predicted positives are
true positives, range [0, 1]:

TP

TP + FP 2)

Precision =

e Recall (Eq. 3) which indicates how many of the actual positive cases
the model correctly identifies, range [0, 1]:

P

Recall = m

3

Where C: number of classes (i.e. 3 in this case), TP: true positives, FP:
false positives and FN: false negatives.

Precision and recall were first calculated independently for each
class using a one-vs-rest strategy. In this setting, each class is treated as
the positive class while the remaining classes are treated as negative. To
obtain a single performance measure across all classes, we used
weighted averaging, where each class-specific metric is weighted by the
number of true instances of that class, obtaining weighted precision and
weighted recall.

The proportions of correctly and incorrectly classified samples for
each class were presented using confusion matrices. Pairwise compari-
sons of the metrics values between scenarios were performed using the
Wilcoxon signed-rank test. Since multiple pairwise comparisons were
conducted across the seven scenarios, p-values were adjusted using the
Holm correction [52] to control the family-wise error rate.

2.6. Feature analysis

A feature analysis was conducted to examine potential differences in
feature contributions between intra-operative and post-operative con-
texts. Permutation importance and SHAP (SHapley Additive exPlana-
tions) values were employed for this purpose. In particular, permutation
importance was applied to rank the features and to examine whether the
most influential features were consistent between the intra-operative
and post-operative contexts. Feature importance values quantify the
relative contribution of each feature to the model’s predictions. These
values are often scaled between 0 and 1 such that the most influential
feature attains the highest value. In practice, the ranking of features
provides more meaningful information than the absolute magnitude of
the importance values. Features exhibiting very low importance (e.g.,
below 0.01) are generally considered negligible and may be candidates
for exclusion from the model [53,54]. SHAP values were then analyzed
to determine the contribution of each feature to class prediction and to
assess whether their effects were consistent across the two DBS phases.

3. Results

To maintain clarity and conciseness, the main text primarily focuses
on results from the Vim cohort. This cohort was used for model devel-
opment and optimization, including the evaluation of model configu-
rations and input features, whereas the STN cohort was included as an
additional cohort to investigate whether the identified relationships and
modelling approach extended to a different DBS target and disease
context. Additional STN analyses are reported in the Supplementary
Material, with key findings summarized in the main text.
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3.1. Model performances

Model performance on the Vim cohort is summarized in Fig. 4 and
Table 3. The highest balanced accuracy (BA=0.56) was obtained in
Scenario 1, which relied exclusively on intra-operative data. This sce-
nario was also associated with the highest precision (0.63) and recall
(0.55). Slightly lower performance was observed in Scenario 2
(BA=0.53), where only post-operative data were used; in this case,
classification performance for Class 2 was notably poor. Precision (0.56)
and recall (0.53) were reduced with respect to Scenario 1. Comparable
results to Scenario 2 were achieved in Scenarios 4 and 7 (BA=0.50 and
0.52, respectively), both of which employed intra-operative or com-
bined maps but relied on post-operative VTAs for training and valida-
tion. Notably, using only intra-operative maps in Scenario 4 improved
the classification of Class 2, however at the expense of reduced accuracy
for Class 0.

The lowest performance was observed in Scenarios 3 and 6 (BA 0.39
and 0.43, respectively), which partially or exclusively used intra-
operative data for training and post-operative data for testing. These
scenarios were characterized by particularly low recall (0.27 and 0.32)
indicating limited sensitivity. Scenario 5, which also relied solely on
intra-operative data during training, achieved a higher BA of 0.51 with
intermediate precision (0.52) and recall (0.44); however, its confusion
matrices revealed misclassification patterns similar to those in Scenarios
3 and 6, with predictions predominantly assigned to Classes 0 and 2.

The patterns observed in the model performance across the six sce-
narios were largely comparable between the Vim and STN (Table 3,
Fig. 5) cohorts.

Metrics distributions across the different validation scenarios are
shown in Fig. 6. For the Vim cohort, pairwise statistical comparisons
(Table 4) demonstrated that Scenario 3 performed significantly worse
than Scenarios 1, 2, 4, and 7 in terms of balanced accuracy, precision,
and recall, while Scenario 6 showed significantly lower balanced accu-
racy than Scenarios 1, 2, and 7. In contrast, no statistically significant
differences were observed among Scenarios 1, 2, 4, 5, and 7 for balanced
accuracy, indicating comparable predictive performance within this
group. Similar trends were observed for the STN cohort, with Scenario 1
consistently providing the best performance and significantly out-
performing most other validation scenarios, whereas the lowest per-
formances were observed in Scenarios 3, 5, and 6.

Intra-operative and post-operative scenarios also exhibited slight
differences in the locations of the hotspots within the nMap (repre-
senting areas of high VTA density) and the wMeanMap (representing
areas associated with maximal improvement), when examined in their
anatomical context (Figures S1 to S4). Examples of PSS and SE obtained
in the same leave-one-out iteration are presented in Figure S5.

3.2. Feature analysis

Feature importance analysis showed that VTA volumes and their
overlaps with probabilistic maps of therapeutic and adverse effects, as
well as with the target structure, were the most influential predictors.
Their relative contributions, however, varied across different contexts.

3.2.1. Feature ranking with permutation importance

In the Vim cohort (Table 5) VTA volume emerged as the most
influential feature in both intra-operative and post-operative contexts
with importance ~0.25. In intra-operative data, spatial relationships
such as VTA-PSS centroid distance (importance = 0.075) and VTA-target
structure Hausdorff distance (importance 0.038) also contributed
moderately. In post-operative data, VTA-PSS overlap Dice (importance
= 0.14) emerged as the second most important feature, followed by
other overlap- and distance-based measures.

Also in the STN cohort (Table S3), VTA volume was the most influ-
ential feature in both intra- and post-operative context. Intra-
operatively, model predictions were primarily driven by target-
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Fig. 4. Model performance in the different validation scenarios. The confusion matrices show the ratios of classified and misclassified samples for each class for

scenarios 1-7 in the Vim cohort.

Table 3

Balanced accuracy (BA), precision and recall scores for each scenario for the Vim and STN cohorts. For each metric the first line shows the mean value and the second
line the lower and upper values of the 95% confidence interval (CI).

Scenario 1 2 3 4 5 6 7

Vim

BA 0.56 0.53 0.39 0.50 0.51 0.43 0.52

BA 95% CI 0.47-0.62 0.46-0.60 0.37-0.42 0.45-0.56 0.45-0.57 0.39-0.47 0.46-0.59
Precision 0.63 0.56 0.43 0.54 0.52 0.48 0.55
Precision 95% CI 0.54-0.73 0.47-0.68 0.32-0.58 0.46-0.66 0.41-0.65 0.39-0.61 0.47-0.66
Recall 0.55 0.53 0.27 0.51 0.44 0.32 0.51
Recall 95% CI 0.48-0.63 0.47-0.58 0.21-0.32 0.46-0.56 0.38-0.51 0.25-0.39 0.46-0.57
STN

BA 0.68 0.47 0.35 0.47 0.39 0.39 0.43

BA 95% CI 0.62-0.77 0.43-0.52 0.28-0.40 0.43-0.52 0.33-0.46 0.35-0.43 0.39-0.48
Precision 0.75 0.54 0.38 0.55 0.41 0.46 0.51
Precision 95% CI 0.69-0.82 0.45-0.64 0.29-0.49 0.47-0.64 0.28-0.56 0.35-0.59 0.41-0.61
Recall 0.73 0.53 0.36 0.54 0.31 0.31 0.50
Recall 95% CI 0.67-0.80 0.46-0.60 0.31-0.41 0.48-0.61 0.26-0.36 0.26-0.37 0.43-0.58

structure metrics, including VTA-target centroid (importance = 0.046)
and Hausdorff distances (importance = 0.029), followed by PSS- and SE-
based features. Post-operatively, this pattern was reversed, with PSS-
and SE-related metrics contributing more strongly to prediction.

The feature contributions to the prediction of target classes
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highlighted by SHAP values are reported in Figure S6 and Figure S7, and
the main results are summarized in Table 6.
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Fig. 5. Model performance in the different validation scenarios. The confusion matrices show the ratios of classified and misclassified samples for each class for

scenarios 1-7 in the STN cohort.
4. Discussion

In this study, we examined the extent to which post-operative DBS
effects can be predicted using intra-operative data alone or in combi-
nation with post-operative information. Clarifying the predictive value
of intra-operative data has important clinical implications, as it may
enable earlier estimation of stimulation outcomes and provide guidance
for surgical workflow decisions. Our findings indicate that intra-
operative data contribute meaningfully to probabilistic mapping; how-
ever, the relationship between VTAs and maps differs between the intra-
and post-operative settings, underscoring the necessity of including
post-operative data in the training of predictive models. VTA volumes
and their spatial relationships with probabilistic maps of therapeutic
and adverse effects were the most influential predictors.

4.1. Within-phase prediction Scenarios

Overall, model performance was higher in the intra-operative setting
compared to the post-operative one, with the largest performance
decline observed in the STN cohort. Post-operative predictions of high
improvement were less accurate despite the class having the most
samples, suggesting limited discriminative power of the features.
Conversely, in the intra-operative context, side effects were more diffi-
cult to predict. This may be explained by both the smaller sample size of
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this class and by the fact that certain stimulations can simultaneously
induce clinical improvement and adverse effects. The balanced accuracy
of approximately 60% and 70% observed on intra-operative data (Sce-
nario 1), in the Vim and STN cohorts respectively, is broadly consistent
with the performance reported in previous studies on stimulation effect
prediction [13,20,28]. However, direct comparisons should be inter-
preted with caution because these studies addressed different prediction
tasks. In particular, they focused on binary classification of symptom
improvement or the presence of a stimulation effect, whereas our
framework considered three outcome classes, explicitly distinguishing
therapeutic  effects, limited or absent improvement, and
stimulation-induced side effects. This represents a more challenging
classification problem and therefore performance metrics are not
directly comparable across studies.

4.2. Mixed-phase prediction Scenarios

Results from Scenarios 4 and 7 show that intra-operative stimulation
maps yield predictive performance comparable to that of post-operative
maps, when both training and testing are performed on post-operative
VTAs. Interestingly, using only intra-operative maps helped to balance
performance across the 3 classes for the Vim cohort. In contrast, training
only on intra-operative VTAs proved ineffective, as shown in Scenarios 3
and 5: the model was unable to generate reliable predictions, and the
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Fig. 6. Distributions of balanced accuracy, precision, and recall. The distributions are shown for the seven validation scenarios for the Vim (A, top row) and STN
(B, bottom row) cohorts. The boxplots indicate the median and the interquartile range.

Table 4

Pairwise statistical comparison of predictive performance between the seven validation scenarios. Statistical significance was assessed using paired Wilcoxon signed-
rank tests on balanced accuracy (BA), precision, and recall, with p-values adjusted for multiple comparisons using the Holm correction. Significant differences after
correction are indicated by * (p<0.05) and ** (p<0.01). The dash indicates the cells belonging to the diagonal of the matrix.

BA Precision Recall
1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7
Vim
1 * * R R %
2 - sk % ~ % %
3 X _ *
4 * * -
5 R R *
6 *
7 * * * -
STN
1 * *k ek * ¥k dk ek - * *¥k * *¥k d*k ek - ek ¥k * ¥k *k ek ¥k
9 R . o N . & . . 5
3 - ok o * * ok o R * o ; ok
4 ok *k - * * * * * *¥k ek - *k ek
5 ek * _ * _ ok * *%
6 o ok * % ok * o ok
7 B % s * * P * * % -

inclusion of intra-operative VTAs in combined models (Scenario 6)
appeared to introduce noise. These findings suggest that the relationship
between VTAs, maps, and clinical outcomes differs between the intra-
and post-operative contexts, a notion further supported by the obser-
vation that intra-operative and post-operative nMap and wMeanMap do
not perfectly align when examined within the same anatomical slices.
Importantly, these results were robust to the choice of the VTA activa-
tion threshold. A sensitivity analysis using electric field thresholds of
0.15 V/mm and 0.25 V/mm, in addition to the nominal threshold of
0.2 V/mm, yielded the same qualitative patterns across Scenarios 3-5
(Figures S8, S9). The limited transferability of models trained on intra-
operative VTAs and the improved performance obtained when
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training on post-operative VTAs were consistently observed across
thresholds, indicating that they were not driven by the specific threshold
used for VTA generation. Discrepancies between intra-operative and
post-operative scenarios can be due to differences in electrode charac-
teristics and stimulation modality. In particular, the substantially
different electrode diameters used during intra-operative (0.5 mm) and
post-operative (1.27 mm) stimulation affect the spatial extent and shape
of the elicited electric fields and, consequently, the resulting VTA sim-
ulations. In addition, intra-operative stimulation was performed under
current-controlled conditions, whereas post-operative stimulation used
voltage-controlled settings. These stimulation modes define the electric
field in different ways: current-controlled stimulation specifies the
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Table 5

Feature importance analysis results for the Vim cohort. The table shows the first
5 most important features (higher value implies higher influence of the feature
on the prediction) for the model when applied to only intra-operative (Scenario
1) or only post-operative (Scenario 2) stimulation tests.

Intra-operative Post-operative

Feature Importance Feature Importance

VTA volume 0.26 VTA volume 0.25

VTA-PSS centroid 0.075 VTA-PSS overlap Dice 0.14
distance

mean(BF) in VTA-PSS 0.062 VTA-SE relative distance ~ 0.026
overlap A

VTA-target structure 0.038 VTA-SE overlap Dice 0.014
Hausdorff

VTA-SE overlap Dice 0.010 VTA-target structure 0.011

Hausdorff

injected current, while voltage-controlled stimulation specifies the
applied voltage, with the resulting current depending on the electro-
de-tissue interface and impedance [44]. However, differences in elec-
trode geometry and stimulation modality were explicitly taken into
account in the modeling and simulation framework to ensure that the
resulting VTAs accurately reflected the corresponding stimulation con-
ditions. In addition to these technical differences, the two phases also
differ in the clinical context of outcome assessment. Intra-operative
testing evaluates acute stimulation effects over short time intervals in
an awake patient. These measurements may be influenced by transient
effects caused by electrode insertion, including the microlesional effect,
where mechanical disruption of the tissue during electrode advance-
ment can temporarily modify the clinical symptoms independently of
stimulation [55,56]. Moreover, despite ensuring resolution of observ-
able or reported side effects before successive stimulation trials and
assessing symptoms prior to stimulation, repeated stimulation may still
introduce variability related to incomplete recovery, patient fatigue, and
stress. In contrast, post-operative assessments performed several months
after implantation reflect a more stable physiological state, after reso-
lution of acute insertion-related effects. Thus, the relationship between
VTA properties and clinical outcome may differ between phases because
intra-operative and post-operative assessments capture partially
different physiological conditions. Taken together, these results suggest
that training on post-operative VTAs is essential for model-based
outcome prediction. Nonetheless, intra-operative data remain highly

Table 6
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valuable for the generation of probabilistic maps. These could enable the
construction of reliable representations of therapeutic and adverse ef-
fects volumes prior to the first post-operative programming session.

4.3. Feature analysis

Probabilistic mapping features and VTA volume emerged in general
as the primary drivers of model predictions. However, feature relevance
differed between intra-operative and post-operative contexts and be-
tween the Vim and STN cohorts. The contribution of VTA volume likely
reflects both physiological and methodological factors. From a physio-
logical perspective, VTA volume represents the spatial extent of tissue
activation and may therefore provide relevant information about the
likelihood of engaging therapeutic or non-therapeutic regions. However,
its importance may also be influenced by the data collection procedure,
particularly in the intra-operative setting, where stimulation amplitudes
are often increased until a clinical effect is observed and testing may
preferentially focus on amplitudes close to the therapeutic threshold.
This introduces a coupling between stimulation efficacy and VTA size,
potentially amplifying the predictive contribution of VTA-related fea-
tures and limiting the generalizability of models trained on such data.
Future studies could reduce this bias by systematically sampling stim-
ulation responses across a broader range of clinically relevant stimula-
tion amplitudes and by using quantitative methods to assess stimulation
effects (e.g., objective measurements of tremor or rigidity [57]). Such
approaches may provide a more detailed characterization of the rela-
tionship between VTA properties and clinical outcomes. In the Vim
cohort, intra-operative outcomes were more influenced by spatial dis-
tances, while post-operative outcomes primarily relied on overlap
measures. In contrast, the STN cohort shifted from
target-structure-driven intra-operative predictions to PSS/SE-driven
post-operative predictions. Intra-operative models showed clearer and
more distinct feature—class relationships, whereas post-operative models
exhibited weaker and more ambiguous associations reflecting reduced
predictive performance. These results further confirm the observations
from the model performance analyses: the relationships between fea-
tures and outcomes differ between intra-operative and post-operative
contexts, likely explaining why models trained on intra-operative
VTAEs fail to reliably predict post-operative outcomes.

Summary of the relationships between features and predictions of class 0, 1 and 2 for Vim and STN cohort and intra-operative and post-operative stimulation tests as
observed in the SHAP plots. The table shows whether the prediction of a certain class is associated with a high (orange) or low (light blue) value of the feature. White
spaces indicate that a precise contribution of the feature was not visible in the SHAP plots. Abbreviations: op.=operative; H=high; L=low.

Vim STN

Features
Feature value associated with class prediction

| Low Unclear High
Phase Intra-op. Post-o| Intra-op. | Post-op.
Class 0|1 ]2 )0 |1 [2]0 |1 |2]0|1]2
VTA volume H|H|L [H|L H|H|[L|H|L
VTA-PSS centroid distance H L |H H|L L
Mean(BF) in VTA-PSS overlap H|L |H L |H|L |L |H L
VTA-PSS overlap Dice H|L |[H L |H|H|L [H|JL|L|H
VTA-SE overlap Dice H|L |[L |H|L H|L |[L|H|L|H
VTA-SE relative distance A L |H|H|L [H L |H|L|L|H|L
VTA-target Hausdorff H|H|L |H|H|L|L LiL|L|H
VTA-target centroid distance L |L L |H[L|H|L
VTA-target overlap Dice H H H|L |[L|L|L|H
VTA-target relative R. H L H H|L |H L|H
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4.4. Clinical implications and translational considerations

The predictive performances obtained in this study should be inter-
preted in the context of their intended application. No established
threshold exists for the clinical utility of machine learning models in
DBS, and the required level of performance depends on whether the
model is intended to support or replace clinical decision-making. The
present models are not sufficiently accurate to be used as standalone
tools for surgical targeting or DBS programming. Rather, they should be
viewed as decision-support systems that provide complementary infor-
mation to clinicians. In this context, predictive performance exceeding
chance level (0.33 accuracy in a 3-class classification task) may still be
valuable, particularly when integrated with clinical expertise. However,
clinical validation in a specific application will be required to establish
its clinical utility.

An additional consideration is that classification performance de-
pends on the threshold used to convert clinical ratings into discrete
outcome classes. In the present study, we repeated the analysis using
two alternative thresholds (25% and 75% improvement), and the rela-
tive ranking of the seven validation scenarios remained unchanged
(Figures S10 to S13). These findings indicate that the observed perfor-
mance patterns are robust to reasonable variations in class definition,
although the choice of threshold remains an additional source of vari-
ability in classification-based DBS prediction models. In future appli-
cations, class boundaries could be further refined based as additional
clinical evidence becomes available.

From a clinical perspective, Scenarios 3 and 5 represent the most
relevant validation settings because they evaluate whether intra-
operative observations can predict post-operative stimulation out-
comes. One potential motivation for this approach is to reduce the
dependence on extensive post-operative clinical testing by exploiting
information collected during surgery. However, the reduced perfor-
mance observed in these scenarios suggests that intra-operative stimu-
lation responses alone cannot be directly translated into chronic
stimulation effects. Therefore, post-operative stimulation testing, such
as monopolar review, remains important for informing patient-specific
predictive models. Nevertheless, as larger datasets become available, a
promising future direction would be to pre-train the model on a large
cohort and subsequently fine-tune it using a limited number of post-
operative stimulation tests from a new patient. Such approach could
reduce the amount of individualized clinical testing required while
preserving patient-specific adaptation. In the present study, we also
investigated whether patient-specific information substantially
contributed to prediction performance by repeating the analyses
without patient identifiers as input features. Since the resulting perfor-
mances remained comparable (Figures S14, S15), the models appear to
capture generalizable relationships between stimulation features and
clinical outcomes rather than relying on patient-specific memorization.

The findings emerging from Scenarios 3 and 5 also have implications
for the ongoing discussion regarding awake versus asleep DBS surgery.
One of the advantages of awake DBS is the possibility of performing
intra-operative clinical testing, albeit at the cost of longer surgical pro-
cedures and increased patient burden. Our results indicate that, within
the proposed VTA-based framework, intra-operative stimulation re-
sponses alone do not provide sufficient information to reliably predict
chronic post-operative outcomes. Although this does not diminish the
value of intra-operative testing for target verification and the identifi-
cation of stimulation-induced side effects, it suggests that its contribu-
tion to predicting long-term stimulation efficacy may be more limited
than previously assumed.

Overall, this study demonstrates that VTA-based machine learning
models can capture clinically relevant information within homogeneous
stimulation contexts, while also highlighting the challenges associated
with transferring these models across different surgical phases. Ulti-
mately, the clinical value of such models is unlikely to rely on fully
automated prediction, but rather on their ability to integrate complex

32

Deep Brain Stimulation 15 (2026) 22-34

stimulation-response relationships and provide quantitative support
during DBS programming. Future studies with larger, multicenter
datasets and prospective validation will be required to determine how
these models can be incorporated into clinical workflows.

4.5. Strengths and limitations

Given the highly patient-specific nature of DBS effects, a limitation of
the present study is the relatively small number of patients. However,
this is partially compensated for by the large number of stimulations per
patient. Although each patient contributed a large number of stimula-
tion settings, these observations are not statistically independent
because they originate from the same individual. To account for this
dependency, all analyses were validated using leave-one-patient-out
cross-validation, ensuring that all stimulation settings from the valida-
tion patient were excluded from both probabilistic map generation and
predictive model training. Consequently, the reported performance re-
flects generalizability to previously unseen patients. Nevertheless, the
effective sample size is driven primarily by the number of patients rather
than by the total number of stimulation settings, and larger patient co-
horts will be important to further improve the robustness and general-
izability of these models. Symptom evaluation was subjective, even
though it was consistently performed by the same experienced clinician,
which reduces inter-rater variability [58]. Nevertheless, clinical ratings
remain affected by measurement uncertainty. To quantify the potential
impact of this variability on the available labels, we estimated the
within-subject standard error of measurement (SEM) (see
Supplementary material — Section 3). The resulting SEM values indicate
residual variability of approximately 15-27 percentage points across
cohorts and phases, suggesting that neighboring improvement cate-
gories cannot always be distinguished with high precision [59]. Notably,
the SEM for the post-operative STN cohort was 26.6 percentage points,
exceeding the 25-point width of a single rating category, indicating that
adjacent categories in this cohort and DBS phase may be particularly
difficult to distinguish from measurement noise alone. Therefore, label
uncertainty represents an inherent limitation of the present classifica-
tion task and may contribute to an upper bound on the predictive per-
formance achievable by any model trained on these outcomes.

Additional limitations stem from the features used for prediction.
Connectivity data, which have been shown to enhance predictive per-
formance in previous studies [26] were not incorporated and could help
explain currently unexplained variance. Similarly, clinical and de-
mographic variables, such as age and gender, have been reported to
improve predictions or even inform models based solely on these fea-
tures [13,14,16,19,22,30,31]. In a previous study [36], we included
these variables, but they did not contribute meaningfully to the model’s
predictions. This may reflect the relative homogeneity of our cohort;
such features could prove more informative in larger and more diverse
patient populations, where inter-individual variability is greater. The
study is further limited by the treatment of side effects, which were not
categorized individually due to the small number of records per cate-
gory. Instead, a general side effect region was defined, capturing clini-
cally relevant adverse outcomes but likely obscuring distinctions
between effects arising from stimulation of different anatomical regions.
A key strength of the study is the availability of both intra-operative and
post-operative data for the same patients. Although another study [60]
also included both types of data, their focus was on predicting the
minimum amplitude threshold required to elicit effects across phases,
and their models were not based on VTAs or PSMs. The inclusion of
VTAs and probabilistic maps in our approach provides unique insights
into how stimulation parameters relate to therapeutic effects across
different evaluation contexts. However, differences between
intra-operative and post-operative assessments should also be consid-
ered when interpreting cross-phase comparisons. Intra-operative testing
is performed in an acute setting and may be affected by transient factors
such as the microlesional effect, tissue perturbation during mapping,
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and residual effects from previous stimulation trials. In addition, dif-
ferences in electrode configuration and stimulation modality may in-
fluence the resulting VTAs. These factors may contribute to differences
in the VTA—clinical outcome relationship between phases. Nevertheless,
the availability of paired intra-operative and post-operative data from
the same patients represents a unique opportunity to investigate the
generalizability of VTA-based models and to better understand the fac-
tors limiting their transfer across clinical settings.

5. Conclusions

In this study, we evaluated the potential of predicting post-operative
DBS effects using intra-operative data alone or in combination with post-
operative information. Our findings highlight that predictive modeling
of DBS outcomes benefits from both intra- and post-operative data.
Intra-operative data are informative for identifying regions associated
with optimal effects when stimulated. These regions are robust and can
inform DBS parameter selection in both intra-operative and post-
operative contexts. Conversely, the relationships between VTAs, prob-
abilistic maps, and clinical outcomes differ between intra- and post-
operative settings. Therefore, post-operative screening data remain
essential for training models intended for automated DBS programming
and cannot be fully substituted by intra-operative testing alone. Taken
together, this suggests that intra-operative data are particularly valuable
for elucidating mechanisms of action, whereas post-operative data
provide the most direct guidance for programming and clinical opti-
mization. Feature analysis revealed that probabilistic mapping-related
measures play a major role in driving predictions and should be incor-
porated into effect prediction models. Yet, their contributions vary be-
tween intra- and post-operative scenarios, further emphasizing the
necessity of including post-operative data in DBS effect prediction
models.
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