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Transformer-based long-term predictor of
subthalamic beta activity in Parkinson’s
disease
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Deep brain stimulation (DBS) of the subthalamic nucleus (STN) is a mainstay treatment for patients with
Parkinson’s disease (PD). The adaptive DBS approach (aDBS) modulates stimulation, based on the
power in the beta range ([12-30] Hz) of STN local field potentials, aiming to follow the patient’s clinical
state. Control of aDBS relies on identifying the correct thresholds of pathological beta power.
Currently, in-person reprogramming sessions, due to changes in beta power distribution over time, are
needed to ensure clinical efficacy. Here we present LAURA, a Transformer-based framework
predicting the nonlinear evolution of subthalamic beta power up to 6 days in advance, based on the
analysis of chronic recordings. High prediction accuracy (>90%) was achieved in four PD patients with
chronic DBS over months of recordings, independently of stimulation parameters. Our study paves the
way for remote monitoring strategies and the implementation of new algorithms for personalized auto-

tuning aDBS devices.

Activity in the beta frequency range ([12-30] Hz) in the basal ganglia cir-
cuitry is crucial for functional motor and non-motor behavior'. In Par-
kinson’s disease (PD), pathological beta power observed in the local field
potentials (LFPs) of the subthalamic nucleus (STN) is associated with
akinetic-rigid symptoms™’, making subthalamic beta activity a promising
biomarker of the patient’s motor performance’.

Deep brain stimulation (DBS) is a well-established invasive neuro-
modulation therapy currently approved for PD, Essential tremor, Dystonia
and Obsessive-compulsive disorder. Conventional DBS (cDBS) delivers a
static (i.e., with constant parameters) stimulation to modulate dysregulated
neural circuitry’. Increasing evidence suggests a possible benefit also for
other brain disorders, such as epilepsy, Tourette syndrome, depression, and
dementia’.

Recently, implantable pulse generators (IPG) for DBS started to
implement bidirectional neural interfaces able to both sense and stimulate
deep brain areas. This evolution is opening new possibilities for under-
standing the pathophysiology of brain disorders and discovering methods
for disrupting, normalizing or reversing it by means of electrical
stimulation’. From this, adaptive DBS (aDBS) was conceived as a new type
of DBS, introducing a closed-loop delivery of stimulation aimed at following
the clinical state of the patient based on the beta power extracted from LFP

recordings in STN™. The currently available aDBS algorithms for PD are
based on patient-specific beta power thresholds. The Percept PC/RC device
(Medtronic Inc.) can operate in a single-threshold or dual-threshold mode.
The single-threshold approach suppresses beta activity when it exceeds a
certain level for a given time with a rapid current ramping'’. The double-
threshold algorithm instead confines beta oscillations between two beta
power thresholds' delivering a slower modulation of the delivered current.
In contrast, the AlphaDBS device (Newronika SpA), used in this study,
provides a linear modulation of the stimulation current within two beta
power thresholds" ™" (Fig. 1a). With this algorithm, stimulation is con-
stantly modulated between the two beta power thresholds'”.

Overall, aDBS can be viewed as a closed-loop control system, in which
the process output (LEPs) is continuously monitored and fed back into the
controller (IPG) to adjust the input (stimulation current amplitude)*'’. In
the present configuration of the aDBS workflow, the STN is the process, the
LFPs are the output, and the aDBS device is the controller. The most difficult
component of programming in aDBS is setting beta thresholds to maintain
the adaptive component of aDBS over time and avoid periods of over-
stimulation or understimulation, which might lead to long-term adverse
events'*' or suboptimal symptom improvement. Indeed, patients under-
going aDBS therapy require periodic retuning of algorithm parameters. The
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difficulty is thought to be mainly related to beta modulation by dopami-
nergic drugs, and its physiological role in the execution of multiple motor
and non-motor tasks'”™"’. An additional critical aspect is the impact of
stimulations on the long-term evolution of beta oscillations. Algorithms are
needed that can detect and predict the evolution of subthalamic beta
oscillations for automatic recalibration of aDBS parameters, especially beta

thresholds. The adoption of these algorithms holds the key to novel
restorative therapies.

A number of deep learning (DL) architectures have been developed
with the specific purpose of addressing time series forecasting”. The
translation of such solutions to the field of PD and brain disorders presents
several challenges. These include the large amount of chronic recordings®
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Fig. 1 | Explorative data analysis (EDA). a The aDBS parameters are set (day-0)
based on the clinical condition of one patient (NWK1) and the daily distributions of
subthalamic beta-power from previous days (blue). Profile of the delivered current
(green-line; in Ain, Amax or modulated with the linear proportional algorithm).
Bumin and i,y (dashed-vertical-lines). Daily percentages below and above these
thresholds (yellow and orange, respectively) and prior-to-recalibration (gray).
Distributions presented as min-max normalized occurrences over beta-power,
resampled, and averaged over each successive pair-of-bins. b Variability profiles for
NWKI over time assessed for the distribution percentiles below-above the two beta
thresholds. ¢ Distribution of patient-specific (NWK1) subthalamic beta-power of
the last day (day-140) before a subsequent visit for aDBS reprogramming. d Same as
(a, ¢) but combined for every visit (each box is a visit). e Variability was assessed
within each patient’s set of aDBS parameters used, distinguishing between net shifts
of the beta distributions (d), expressed in fractions of time, below f,,,;, (dark yellow)
leading to understimulation, above f3,,,,, (dark orange) leading to overstimulation,
and between the two thresholds (red). UPDRS-III: Unified Parkinson’s Disease

Rating Scale motor part score (maximum score is 108)—value assessed on the
morning of the clinical-follow-up. LEDD drug dosage (mg) as Levodopa Equivalent
Daily Doses™—drug dosage valid for the period prior-to the corresponding follow-
up. CH1 left hemisphere, CH2 right hemisphere, D driver channel/hemisphere. List
of new set-of-aDBS parameters valid until the next follow-up. Numbers after CH1
and CH2 refer to Amin: stimulation amplitude (mA) delivered at or below i, and
A nax: stimulation amplitude (mA) delivered at or above By F: frequency-of-
stimulation (Hz); PW: pulse-width (us); P: Bmin—Bmaxw lower-upper beta-power
thresholds for current adjustments. Time: number-of-days for which the new set-of-
aDBS parameters apply. f Power-spectrum (PS) of the recorded time series. Short-
and long-term evolutions within the PS are fitted separately to a linear power-low
model (yellow and red, respectively). The cutoff point was fixed at 24 h (1440 min) to
account for circadian rhythms. g Variability of the power-low exponent in the high-
frequency and low-frequency fit of the patients' PS according to their different set-of-
aDBS parameters for all four patients individually.

from a single patient, collected over months or years", as well as algorithms
for the identification of the hidden patterns of evolution of the driver neural
signal”. Model-based approaches dealing with the prediction of dynamic
responses of neuromodulation are limited in their ability to consider the full
range of stimulation parameters™. Machine learning algorithms have been
trained for seizure detection monitoring scalp electroencephalography and
electrocardiography from the same epileptic patients over years™*’. Adap-
tive Bayesian optimization has been studied to suggest optimal recalibration
in amputees implanted with neural interfaces™. Similarly, Bayesian opti-
mization of vagus nerve stimulation has been used for fine tuning neural
stimulation parameters”. Furthermore, several studies addressed short-
term forecasting of deep brain activity’”’. However, no studies have been
yet conducted for neurophysiological long-term forecasting’™ of the
activity of deep brain areas to enhance neuromodulation strategies.

In this study, we propose LAURA (Learning betA-power distribUtions
through Recurrent Analysis), a Transformer-based framework designed to
forecast the long-term evolution of subthalamic beta power activity under
aDBS therapy in PD. The framework will allow for training a patient-specific
algorithm for each individual patient, able to predict in a personalized way
beta power drifts and fluctuations over long time scales based on a limited
temporal interval of recordings.

Results

Study of long-term STN beta power evolution over months on
chronic recordings for personalized DBS device tuning

We investigated the long-term evolution of subthalamic beta power in
patients with PD and chronic STN DBS (see Methods). We aimed to define
an algorithm capable of predicting the evolution of beta activity as a key
aspect of novel auto-tuning IPGs. All patients (n = 4) showed significant and
sustained clinical improvement with bilateral STN DBS (range 76—90%
reduction in UPDRS-III score comparing active stimulation with
immediate off stimulation). All patients underwent both aDBS and ¢cDBS
(Methods). All preferred aDBS except one (NWK4), who chose cDBS sti-
mulation at the last follow-up for better tremor suppression. In this patient,
we noted the reappearance and habituation of tremor to amplitudes of
stimulation toward Amin and the need to maintain a small adaptive ther-
apeutic window (A pin—Amax gap). The UPDRS-III scores and the LEDD*
results are provided as supplementary data (Supplementary Fig. 1).

STN beta power distributions show large linearly uncorrelated
fluctuations over several days

We observed that the beta power distribution referred to set the stimulation
thresholds (Fig. 1a and Methods) drifts over time (Fig. 1b). This eventually
leads to a shift in the distribution, finally displaying a relevant fraction of
time spent with a beta power below f3,,,i, (as in Fig. 1¢) or above f3,,,,. This, in
turn, leads in the first case to an understimulation, i.e., to long periods of
time spent with minimal and subeffective stimulation, and in the second
case to an overstimulation, i.e., long periods of time spent with maximal

stimulation. This occurs for every recalibration of the aDBS parameters (i.e.,
every aDBS setting; Fig. 1d, e and Supplementary Fig. 1). We then evaluated
the characteristic timescale of the drifts. The spectral analysis (Fig. 1f)
demonstrated that on short time scales (i.e., shorter than 24h) the evolution
of beta power exhibited an exponent greater than 1 for all patients (Fig. 1g).
In contrast, over time scales longer than a day, the evolution of beta power
exhibited a lower exponent (Fig. 1g), indicating the absence of linear cor-
relations, and large fluctuation in the time domain. Notably, such behavior
does not depend on variations over time of the beta peak in the spectrum
(Supplementary Fig. 2). This shows that, beyond the within-day fluctua-
tions, which are efficiently managed by the standard aDBS algorithm, there
are large uncorrelated fluctuations on the temporal scale of several days.

LAURA: a personalized transformer-based framework for fore-
casting STN beta power distribution

In this scenario, we propose a deep learning framework (LAURA) designed
to predict, for each individual patient with a personalized algorithm, the
slow shifts in the subthalamic beta power distribution across days, based on
the previous recording history of the patient. This long-term framework will
be integrated with the current fast aDBS algorithm, taking care of the
symptom-related fluctuations (Fig. 2a). LAURA’s prediction of beta dis-
tribution drifts, combined with clinical evaluation of the patient condition,
will support an effective recalibration of aDBS parameters on a daily basis
(Fig. 2a). Briefly, LAURA algorithm is a Transformer model with three
encoding layers and six decoding layers (Fig. 2b, Methods). It receives as
input the past distributions as a matrix N x M where N is the number of days
in the past the prediction is based on, and M is the binning of the beta power
distribution of each day. It delivers as output a vector with dimension M
with the predicted distribution of K = k 4 1 days in the future (where k is the
index of the daily distributions list; Fig. 2b).

We evaluated, for each patient individually, the performance of
LAURA(N,K) algorithms trained and validated on datasets varying N-and K
(Supplementary Fig. 3) for several seeds, while keeping M=206 for simplicity
(see Methods). As evaluation criterion, we computed the weighted mean
absolute percentage error (WMAPE) between the true and predicted dis-
tributions to account for the different variations in the values along
dimension M within the distribution (Methods).

We first analyzed the single-setting scenario. Testing N from 1 to 6 days
for K=1 (Fig. 3a and Supplementary Fig. 4), LAURA achieved a stable
performance (WMAPE-LAURA range across N and patients [0.25 + 0.037
10.47 + 0.03]). Crucially, it outperformed linear regressors for every patient
and every combination of parameters (WMAPE-Linear range across N and
patients [0.40 1.36]). We then set N= N as the shortest patient-dependent
efficient sequence of past distributions (Methods) and tested the algorithm
performance in the multi-step-ahead task varying K (Fig. 3b and Supple-
mentary Fig. 4). We found that LAURA performance was stable and again
outperformed linear regressors for each K (across K and patients: WMAPE-
LAURA range [0.25 +0.037 10.55 + 0.07], wMAPE-Linear range [0.48 0.93],
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Fig. 2 | LAURA framework within the aDBS parameters tuning strategy.
Learning betA-power distribUtions through Recurrent Analysis (LAURA) as a
framework within the aDBS workflow to improve long-term DBS programming
strategy for PD. a Block diagram representing aDBS as a closed-loop control
system in which the process output (local field potentials, LFPs) is continuously
monitored and fed back into the controller (IPG) to adjust the input (stimulation
current amplitude). In the present configuration, the STN is the process, the LEPs
are the output, and the aDBS device is the controller. The control loop is com-
posed of two algorithms acting on two separate time scales. On the timescale of
minutes (i.e., short-term evolution), the modulation is changed according to the
dynamical symptom-related fluctuations of the beta power through the standard
aDBS proportional algorithm linking beta power and stimulus current (solid box).

On the timescale of days/months (i.e., long-term evolution), the parameters of the
fast aDBS algorithm are updated based on the expected drifts of the whole daily
beta distribution through LAURA algorithm combined by the neurologist clinical
evaluations (dashed box). b LAURA framework consisting of a Transformer
model with 3 encoder layers, 6 decoder layers, and a FC layer with a sigmoid
function as output non-linearity. It takes in input a sequence of N" daily dis-
tributions (red), where N” is the optimal number of past days required to perform
a prediction, captures the model’s understanding of the entire sequence (orange),
and provides as output one daily distribution (green) among the first one up to the
sixth one succeeding the input distributions (k € [0, 5]). Distributions are
expressed with number of bins M. Here N" =2, M = 206, k = 2.

WMAPE-Zero range [0.40 0.79]). We finally tested the ability of LAURA to
cope with intra-patient changes in aDBS parameters due to reprogramming
of the IPG (i.e., multiple-setting scenario; Fig. 3c and Supplementary Fig. 4).
We found that LAURA displayed only a minor loss (WMAPE-LAURA
range across K and patients [0.25 +0.02 0.75 + 0.11]), and still outperformed
linear regressors for each K (across K and patients: WMAPE-Linear range
[0.52 0.95], WMAPE-Zero range [0.44 0.80]). The same analysis performed
only on recordings during awake hours (9am-9pm), did not lead to any
increase in performance with respect to whole-day distributions (Supple-
mentary Fig. 5),and LAURA did still outperform linear regressors for every
combination of parameters.

In addition, we tested a Random Forest algorithm (RFA) to predict the
evolution of the beta band and compare it with piecewise and linear order
regressors. The RFA does not make any a priori assumption on the
dynamics in the data, thus it is able to capture non-linearities and, at the

same time, it is sufficiently different from the LAURA’s Transformer
approach to make the comparison relevant (see Methods). Our results reveal
that adopting the RFA results in a substantial reduction in prediction error
when compared to both first-order and zero-order regressors, though RFA’s
error remains higher than LAURA’s (Supplementary Fig. 6).

Functional evaluation of LAURA for the programming of aDBS
devices

Finally, we computed the error in identifying the 10th and 90th percentiles
in each predicted distribution as an estimation of the validity of our pre-
dictions according to the two beta thresholds (i.e., fmin and B.,) for both
single and multiple settings (Fig. 4 and Supplementary Fig. 7; Methods).
Very accurate results were obtained for predictions within a single set and
multiple sets of aDBS parameters, with an average error in identification of
both percentiles below 10% (range across K and patients of the accuracy
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over a single aDBS setting. The prediction error is monitored for six different
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LAURA (dark red) visualized against the wMAPE of a deterministic linear
regressor (red), collapsing to a zero-order regressor (light red) when the input
sequence has length 1 sample. LAURA outperforms both the zero-order regressor
when based on only 1-day of history, and the linear regressor when increasing the
length of the history sequence. The zero and first-order regressors show a dete-
rioration in forecasting performance when the length of the history sequence is
increased from 1-3 daily distributions, and then an improvement in performance
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increasing the length of the sequence. The forecasts of LAURA show quantitative
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and qualitative improvements independent of the length of the history sequence
on which the forecast is based. b Multi-step-ahead prediction over a single aDBS
setting. The wMAPE is monitored on predictions from 1 up to 6 days ahead, based
on the patient’s history sequence of optimal length N'(=2 days, for patient NWK1)
found experimentally. The wMAPE of LAURA (dark green) visualized against the
WMAPE of a linear regressor (green) and the wMAPE of a zero-order regressor
(light green). LAURA outperforms both zero and first-order regressors in multi-
step-ahead prediction. While linear regressors increase the error in their pre-
dictions as the prediction step-ahead increases, LAURA manages to keep the error
significantly lower than that computed by linear regressors and almost constant.
¢ Multi-step-ahead prediction over multiple aDBS settings. LAURA can cope with
intra-patient variability due to the recalibration of the aDBS device. The error of
the predicted distributions is comparable to that obtained on one set of
parameters.

error: single-setting scenario 10th-percentile [3.53 + 0.347 17.88 + 1.24] -
90th-percentile [3.47 + 0.637 19.00 + 2.05], multiple-setting scenario 10th-
percentile [2.18 £ 0.647 16.90 + 0.64] — 90th-percentile [2.96 + 0.577
16.41 + 1.11]).

Discussion

We presented LAURA, a personalized Transformer-based framework for
forecasting subthalamic beta power distribution and providing the clinician
with a more complete picture of the patient’s STN-LFP beta power and its
predicted evolution, thus facilitating informed decision-making
(Figs. 2 and 5). Our algorithm analyses home recordings with 1-min reso-
lution in chronically stimulated patients. LAURA proved efficacy in both the
one-day-ahead and multi-day-ahead prediction tasks, with forecasts
extending up to six days. The performance vastly outperformed linear
algorithms. The approach was validated in four Parkinsonian patients
exhibiting heterogeneous subthalamic beta power dynamics and indepen-
dently of stimulation parameters.

LAURA resulted from the translation of the recent achievements in
natural language processing (NLP) and time series forecasting into the
domain of brain disorders through the use of deep learning (DL) techniques.
The Transformer model* represents one of the most sophisticated DL units
for sequence-to-sequence tasks, due to its internal multi-head attention
(MHA) layer based on a general concept of the sparsity of interactions within
the sequence. Transformers displayed a superior scaling law, outperforming
other generative stochastic models™. This enables the development of large
frameworks capable of handling a diverse range of tasks, as exemplified by the
latest large language models (LLMs) dealing with heterogeneous data™. We
translated the Transformer’s approach into a DBS scenario by considering a
sequence of patient-specific subthalamic beta power distributions. Each
distribution represents a token, for which we achieve a contextual embedding
and perform one- and multi-step-ahead predictions (Fig. 2b).

Crucially, the need of DL architectures for large sets of diverse data for
training’”’ ™’ poses a challenge in the clinical setting. Indeed, our results rely
on the availability of heterogeneous recordings collected with a resolution of
minutes over one year". For each patient, several consecutive days within
different sets of DBS parameters have been analyzed (Fig. 1 and Supple-
mentary Fig. 1).

We investigated the personalized effect of chronic DBS on STN beta
power and predicted its evolution in the long term.

We first showed that this evolution is not described by a random
process (Fig. 1f, g). This allowed us to further highlight the presence of
nonlinear long-term biological correlations. Noteworthy is that LAURA
manages to generate predictions based exclusively on neural data, thereby
revealing the presence of latent patterns intrinsic to subthalamic activity in
response to chronic DBS. Furthermore, LAURA outperformed linear
regressors in predicting the changes in beta-power distributions over a
timescale of days (Results, Fig. 3). When considering the one-day-ahead task
with respect to the length of the history sequence (N), these linear regressors
showed an initial deterioration in forecasting performance when N was
increased up to three daily distributions (Fig. 3a). As the length of the history
sequence was increased, this effect was followed by an improvement in
performance, which converged with the results obtained with a history of
only one or two days. When considering the multi-day-ahead task, linear
regressors increased the error in their predictions as the prediction step-
ahead increased (Fig. 3b). Interestingly, the zero-order regressor out-
performed the first-order regressor, ruling out any linear evolution in the
subthalamic beta activity. Further confirmation of the inherent nonlinearity
of the dynamics is provided by the results of the RFA in predicting the
evolution of the subthalamic beta activity, since it outperforms the zero-
order regressor (Supplementary Fig. 6). These findings justify our analysis of
temporal sequential dependencies conducted via LAURA.

The forecasts of LAURA outperformed all other approaches and was
independent from the length of the history sequence, the step-ahead in the
prediction, and the DBS parameters (Fig. 3c). We have also shown that
LAURA can provide accurate predictions of the daily distributions, not only
of their central region, but also of the tails of the distributions estimated from
their 10th and 90th percentiles (Fig. 4). This aspect is particularly important
because it ensures that LAURA can predict the tails of the beta distribution
with respect to predefined thresholds (in percentiles). With the AlphaDBS
device, these thresholds allow defining the percentage of time when sti-
mulation is delivered at the Apin, Amayx Or actually linearly modulated in
between (Methods).

LAURA framework represents a significant advancement within the
aDBS workflow, potentially supporting the widespread adoption of
the aDBS therapy as a long-term treatment strategy for PD. The first
immediate use of LAURA is for early DBS reprogramming intervention
through the configuration of automated warnings, triggered when beta
power oscillations are expected to deviate more than 10% from the Biin
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each successive pair of bins. The 10th and 90th percentiles are reported for the
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observed (in gray) and the predicted (in dark yellow and dark orange, respectively)
distributions. b Inaccuracies of LAURA in identifying the 10th (dark) and 90th
(light) percentiles for patient NWKI, for both cases of single (left) and multiple
(right) aDBS settings. Results support LAURA as a patient-specific system.

and fBax thresholds defined during an in-person visit (Fig. 5). This can be
readily implemented with the AlphaDBS device by the fact that neural
recordings used for the aDBS mode are continuously saved, downloaded
during IPG charging, and sent to the treating neurologist viaa WebBioBank™.

Furthermore, the ability to predict the evolution of patient-specific
subthalamic beta oscillatory activity is a key aspect of future personalized”’
auto-tuning IPGs. A first direct application would be the automatic read-
justment of i, and By to maintain stimulation in aDBS mode over time.
However, the predictive aspect of LAURA is even more important for the
study and development of new disease-modifying DBS paradigms to restore
physiological subthalamic activity over the long term.

This study presents several limits. First of all, LAURA generates a
warning about the mismatch between the future beta distribution and
current stimulation settings, but it does not predict an entire set of novel
optimal stimulation settings. The programming adjustments proposed by
LAURA pertain solely to the two thresholds i, and f,,4,; N0 indication on
the minimum (A;,) and maximum (A,,x) stimulation currents is pro-
vided, which for now shall remain set according to the individual clinical
response (Methods; Fig. 1, Supplementary Fig. 1).

Second, the great number of DBS parameters does not allow LAURA to
forecast instantaneously the evolution of subthalamic beta activity accord-
ing to new stimulation parameters, without a prior monitoring period.
However, the ability of the AlphaDBS device to transfer the recorded data to
a cloud system (i.e., WebBioBank™) ensures consistent LAURA updates and
predictions. Note that while the number of DBS parameters available
constitutes a limitation, the relatively small number of patients in this study
does not, since we deal with intra-patient variability.

Third, clinical evaluations are only provided at follow-up appoint-
ments rather than on a daily basis. For this reason, our comprehension of the
neural data is still insufficient to fully understand the observed or predicted
behavior from a clinical perspective. It is interesting to note that not all
fluctuations resulted in a deterioration of the patient’s condition. To this
end, we have already started monitoring patients with wearable devices to
better characterize the clinical correlations of subthalamic beta activity with
daily fluctuations in relation to the patient’s motor and non-motor activities.

The human/clinician-in-the-loop approach***’ represents today the
optimal strategy for LAURA framework and it opens the way for novel long-
term neuromodulation strategies aimed at restoring brain function not only
for PD, but also for a variety of other neurological disorders, such as stroke,
epilepsy, depression, and dementia.

LAURA also represents a step towards a deeper understanding of brain
activity in patients chronically implanted for DBS. It leads to the develop-
ment of a comprehensive, explainable DL architecture capable of combining
neural data with chronic informative data pertaining to the clinical state that
will ultimately lead to auto-tuning devices. The future integration of clinical
diaries and wearables will result in a more complete framework that
resembles the mechanisms of current LLMs*. This will facilitate the cor-
relation of latent patterns of subthalamic activity with clinical outcomes and
motor and non-motor activities of daily living.

Methods

Patients and data acquisition

This study involving humans was conducted in accordance with the
Declaration of Helsinki and approved by Milano Area 2 Ethics Committee
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Fig. 5 | Illustration of a possible application of LAURA beta-forecast. The
incorporation of LAURA into the existing aDBS programming workflow would
represent a substantial advancement in the field of personalized medicine, with the
potential to facilitate the widespread adoption of aDBS therapy as a long-term
treatment strategy for PD. For the sake of clarity, the distributions have been pre-
sented as minimum-maximum normalized occurrences over beta power, by
resampling and taking the average of each successive pair of bins. At the first visit
(top-left, grey panel), the neurologist defines the optimal parameters for aDBS based
on the clinical evaluation and previous subthalamic recordings. This entails defining
the percentiles of the daily distribution below ., and above fB,,.x. These two

predicted percentile below Bmin
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thresholds allow to define the amount of time the patient is at A i, Amay, OF actually
linearly adapted. LAURA receives as input a sequence of N (=2 for patient NWKI;
day —2 and day —1, top row in red) observed daily distributions and provides as
output the predicted subthalamic beta power distributions over 6 days in advance
(bottom row in green), together with a reliable estimate of their tails (i.e., the per-
centiles of the distribution below By, and above B.x). This allows alarms to be set
whenever the tails exceed a safe range (e.g., 10%) around thresholds for aDBS
reprogramming and paves the way for remote monitoring strategies and the
implementation of new algorithm for personalized auto-tuning devices.

(approval: 165-2020 and 93-2023bis). The study was conducted in accor-
dance with the local legislation and institutional requirements. The parti-
cipant provided written informed consent to participate in this study.
Written informed consent was obtained from the individual(s) for the
publication of any potentially identifiable images or data included in this
article.

We recorded STN-LFPs from the chronically implanted DBS elec-
trodes (3389 leads, Medtronic Inc.) in four patients with idiopathic PD
(Hoehn and Yahr stage 2 of 5 in best medical treatment). All patients
received STN DBS treatment for clinical needs and the AlphaDBS IPG in the
context of a clinical trial”®. The study was approved by the local Ethics
Committee (approval: 165-2020 and 93-2023bis) and conformed to the
Declaration of Helsinki. The patients gave written consent prior to parti-
cipation in the study. Demographic and clinical characteristics of the
patients are listed in Supplementary Table 1.

Patients were clinically assessed with the Unified Parkinson’s Disease
Rating Scale motor part (UPDRS-III) performed in the morning after the
intake of the usual drug therapy. Medications are noted as Levodopa
Equivalent Daily Dose (LEDD)”.

The programming paradigm of aDBS with the AlphaDBS device has
been previously described'"”. In brief, the AlphaDBS device linearly
modulates the stimulation current delivered to both STN based on the
average STN-LFP power recorded in one hemisphere, calculated in a
patient-specific beta frequency range, and normalized for the total power in
the 5-34 Hz range. The averaging procedure consists of an exponential
moving average with a time constant of 50 s over the beta power samples
calculated with 1-s resolution. The stimulation current is adjusted between

two limits [A i Amayls clinically defined. Amin is the amperage with 40%
—50% clinical benefit in meds-off state (overnight) or wearing-off state (end
oflevodopa benefit), and A, is the maximum clinically effective amperage
without side effects in meds-on condition. The stimulation frequency and
pulse width are clinically defined and remain fixed.

The recording contact pair is chosen as the one showing a more pro-
minent and stable frequency (beta-peak) in the beta band. Two frequencies
(Lbound and Hbound) are set around the beta-peak and define a patient-
specific beta range; the beta power in this range represents the input signal
used to modulate the delivered current. The AlphaDBS device saves the
power of the beta range every minute (1-min resolution). The distribution
over time of these measurements is visualized as a histogram and is used to
set the two thresholds [Bins Bmax]- For beta power values less than f,.,;,, the
stimulation current delivered is A,;, and for values greater than f3,,,,, the
current delivered is A, between the two thresholds the stimulation cur-
rent is delivered in aDBS mode (Fig. la-c). In terms of programming
options, these thresholds allow to define the amount of time the patient is at
Amnins> Amax Or actually linearly modulated in between (Fig. 1d). In general,
we set Bnin and By to allow current modulation for > 70% of total awake
time. Fig. le and Supplementary Fig. 1 illustrate the sets of stimulation
parameters for the patients recruited in the study.

Explorative data analysis (EDA)

Beta-power thresholds are the innovative and crucial aspect of program-
ming in aDBS. Currently, with both the AlphaDBS device and Percept PC/
RC, they can only be changed manually. This is an important limitation
because the beta power distribution in the patient-specific range can change
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significantly over time, skewing toward or exceeding either threshold. This
may depend on multiple factors, which are still being studied, involving PD-
related, physiological and compensatory beta oscillatory activity, e.g., the
evolution of PD, including as a response to chronic aDBS, changes in drug
dosing, or even due to a change in lifestyle habits and activities after surgery.
Currently, the timing of these changes in beta activity is not known or
predictable, and the patient must be closely monitored in-person, or
remotely, thanks, for example, to WebBioBank (Newronika SpA)*’. Of note,
with significant changes in beta power distribution (an example in Fig. 1),
the patient is at risk of being stimulated in ¢DBS with a fixed current
delivered in A i, OF Apnay in the former case with poor clinical benefit and in
the latter with the possible occurrence of adverse events from chronic
overstimulation.

In this study, to provide a quantitative estimate of beta power varia-
bility, we defined the percentages of non-consecutive minutes with beta
power measurements below B, (in Apin), above By (in Ay, and
between the two thresholds (in aDBS). We then arbitrarily defined a 10%
deviation at follow-ups as the cutoff for a clinically meaningful shift (Fig. 1e).
The value 10% means that the patient was stimulated for 2.4 h more in either
Apmin of Ap, than set at initial programming. The variability
(Fbetow—p,,, » Tabove—p,,,) Within a given set of aDBS parameters is therefore
defined as the ratio between the number of days exceeding the tolerance
time interval (Myep,,—g s Mapoye—pg, ) and the number of days on which the

'min

same setting was used (Metting):

Mbelaw—ﬁmm Mabove—ﬁmx

* 1007 O-ubovefﬁ = * 100 (1)

'max

Obelow—p,,,, =

setting setting

In the event of cDBS (Supplementary Fig. 1d), we performed a similar
analysis using the 10th and 90th percentiles of the beta power distributions.

The beta power-spectrum range was extracted for each patient (Fig. 1f).
This spectrum is characterized by a frequency resolution of Af=1/T =1/
Npuin=107° cycles per minute and a frequency range from 107> to the
Nyquist frequency fiyquist = 0.5 cycles per minute in steps of Af cycles per
minute. We divided the spectrum into two dynamics: the short-term evo-
lution (i.e., within 24h), at higher frequencies, and the long-term evolution
(i.e., over 24h), at lower frequencies. Both have been fitted to a power-low
model Cf “, where the fitted exponent « provides insight into the nature of
the time series. Indeed, the three possible cases are « =~ 0 (white noise),
indicating an (almost) uncorrelated process, where each value in the series is
independent of the others; a = 1 (pink noise), indicating a balance between
randomness and predictability; « =~ 2 (Brownian noise or random walk
noise), suggesting a system with strong temporal correlations. A flat power
spectrum at low frequencies indicates the absence of long-term correlations,
as opposed to a sloped power spectrum at low frequencies with an exponent
« between 1 and 2. Variability of the fitted exponent for both short- and
long-term evolution (Fig. 1g) has been computed for all four patients over
several sets of aDBS parameters.

Data pre-processing

We created several datasets according to the various predictions we per-
formed, considering the two cases of a single set and multiple sets of aDBS
parameters for the same patient. Each dataset contains LFP recordings of a
single patient. They are organized automatically into three different files
with beta power values (1-min resolution), amplitude of the spectrum in the
5-34 Hz range (10-min resolution), and stimulus current values delivered in
both hemispheres (10-min resolution), respectively.

Starting from the device raw data, following the pipeline described in
Supplementary Fig. 3, we managed to create the Dataset needed within our
LAURA framework where each entry is characterized by a tuple (< input >,
< label >) where < input > consists of a tensor with the distributions of N
consecutive days and < label > consists of a tensor with the distribution of the
(N+K)th day. Importantly, daily beta power distributions have been
min-max normalized to improve training efficacy. Specifically, for each

patient, we built three different datasets, according to the analysis
performed:

1. Fix K = 1 (Fig. 3a) such that for each entry we have:

< input > = tensor([distribution_dayl, distribution_day2, ...,
distribution_dayN])

< label > = tensor([distribution_dayN + 1])

with N varying from 1 up to 6. This first dataset contains entries
derived from only one set of aDBS parameters.

2. Fix N= N where N’ is the optimal number of past days to perform a
prediction (Fig. 3b), resulted experimentally from the previous dataset
(patients NWK1, NWK2: N = 2, patients NWK3, NWK4: N = 3) such
that for each entry we have:

< input > = tensor([distribution_dayl, ..., distribution_dayN*])

< label > = tensor([distribution_day(N* + K)])

building several datasets according to the several values of K, with this
parameter varying from 2 up to 6. All these datasets contain entries
derived from only one set of aDBS parameters.

3. Same datasets as in 2. now derived from all the sets of aDBS parameters
available for the same patient (Fig. 3c), paying attention to the con-
secutiveness of the daily distributions for each entry.

Three copies of these three kinds of datasets have been built: one
considering whole-day recordings and the other two differentiating between
daytime and night recordings, to deal separately with the awake and asleep
conditions. To allow the inter-patient generalization of the pre-processing
pipeline used to build the dataset, a few hyperparameters are needed:

— driver_channel (either ‘Ch1’ or ‘Ch2’): hemisphere in which the power
is monitored in order to choose the current to be delivered Ch1: left |
Ch2: right

- (Pwindow,yin, PWindown,,y): power range in which all the patient’s
distributions are contained. According to our implementation, whatever
interval between the two values would be divided into n_bins = 206 bins.
— interesting_days = [[‘dd.mm.yyyy sar ‘Ad.mm.yyyy enal, ..., [...]]: list of
lists with [start, end] dates of the application of a specific set of aDBS
parameters. The concept of ‘consecutiveness’ among days is applied only
within the given intervals. The time intervals of each patient are listed in
Supplementary Table 2.

In all our experiments, we not only considered the beta power dis-
tribution along all available recording hours, but also reduced the considered
time intervals between 9:00am and 9:00pm on each day. This was of rele-
vance as beta power can be impacted by sleep, and therefore, aDBS pro-
gramming may be based on daily hours only.

Architecture

The proposed architecture aims to improve long-term DBS treatment for
PD. Our aim is to predict a certain daily distribution of beta oscillatory
activity based on recordings from previous days. This has very important
clinical implications because it represents the first step toward IPGs that can
automatically adjust stimulation parameters and set them based not on the
immediate readout of the brain signal but on its evolution over time (see
Discussion).

We used a Transformer model (3.6 M parameters) to address our time
series forecasting problem, due to the multi-head attention (MHA) core,
based on a general notion of sparsity of interactions within the sequence
(Fig. 2b). The input ¥’ to the Transformer (see previous subsection) is a
tensor of size [N, n_bins] where N is the number of consecutive distributions
used as input, n_bins is considered as the embedding size. This means that
each distribution in the sequence would represent a token, for which we can
perform the one-step-ahead and the multi-step-ahead prediction. Given the
input sequence, the Transformer processes it through three encoder layers
and six decoder layers, followed by an FC layer with a sigmoid function as
output non-linearity. The output of each layer for each position in the input
sequence is a representation of that position after processing. When using
Transformers for sequence-to-sequence tasks, the choice of x[—1] as input
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for the FClayer stands for using the representation of the last position in the
sequence as the final representation for the entire sequence. Since we are
interested in predicting the distribution for the (N + K)th day, with K € [1,
6], based on the information from the previous six days, using x[—1] as
input to the FC layer captures the model’s understanding of the entire
sequence. The FClayer then projects this representation to the output space,
with size n_bins, to achieve the final prediction.

x <- input of size [batch\size, N, n bins]

X <-x+ self.positional encodingl[:x.size(0), :]
x <- self.transformer (x, x)

x<-sgself.fc(x[:, -1, :1)

return x

We need to set specific hyperparameters for our framework. We dis-
tinguish between dataset-related, architecture-related, and training-related
hyperparameters, all listed in Supplementary Table 2 and Supplementary
Table 3.

Training and evaluation

We train the Transformer for non-autoregressive generation due to the
sequential nature of the data in input. In this case, the model learns to
generate the output directly from the source sequence without considering
previously generated tokens. That was shown to be the best choice since
autoregressive models generate each token conditioned on the previously
generated tokens, meaning that errors or inaccuracies in predicting one
token can propagate and affect subsequent predictions.

Several experiments have been performed on a single Quadro RTX
6000 GPU with 24 GB of Virtual RAM (VRAM). For each patient, three
tasks have been investigated:

1. Task Ndays — 1 dayafter over a single set of aDBS parameters (Fig.

3a), with N varying from 1 up to 6.

2. Task N days — K daysafter over a single set of aDBS parameters (Fig,
3b), with K varying from 2 up to 6, and where N is the optimal number of

past days to perform a prediction, resulted experimentally from the task 1.

3. Task N' days — K daysafter over multiple sets of aDBS parameters

(Fig. 3¢), with K varying from 2 up to 6, and where N is the optimal

number of past days resulteding from task 1.

Two different training strategies have been adopted accordingly to the
case of single set (i, ii) or multiple sets (iii) of aDBS parameters. Each task has
been performed for several values of the seed (ten seeds for the single set
experiments, five seeds for the multiple sets experiments), randomly chosen,
to initialize the NumPy, PyTorch, and PyTorchLightning libraries, in order
to ensure robustness and reliability of the results despite the stochastic
nature of deep learning techniques (i.e., random initialization of the net-
work’s weights, data shuffling, dropout layers).

In the case where the data came from a single set, we have chosen
that set for which we have more days of recording. Training was per-
formed by splitting our dataset into two separate subsets, instead of the
standard three subsets, due to the small number of entries extracted to
deal with our tasks, containing 85% and 15% of the data for training and
validation/test, respectively. In order to prevent an increase in bias
towards the validation/test set, no hyperparameter fine-tuning was
conducted on this set. The number of epochs was set at 20000 inde-
pendently of the experiments performed. As evidenced by the profiles of
the training and validation losses, the model did not exhibit overfitting.
Moreover, a crucial aspect of the training strategy is the choice of
the criterion to measure the error between the observed distribution of
the Kth day and the predicted distribution for the same day. We used
the wMAPELoss() criterion, which calculates the weighted mean abso-
lute percentage error (WMAPE) between the true and predicted dis-
tributions, described as tensors. Such a weighted error allows different
levels of importance or significance to be assigned to individual data
points. By using this criterion, the means of the distributions are correctly

estimated, the uncertainty around the mean is captured, and the zero
values around the distributions are actually zero, all aspects that tend to be
problematic when using other criteria such as MSELoss() (good mean
estimation, very poor variance estimation) or the MAPELoss() (good
mean and variance estimation, but with random selection of those values
on either side of the distribution that are actually zero). In addition,
RMSProp() was used as an optimizer, with Ir=1e-4 as the learning rate.

For the case where the data came from multiple sets of aDBS parameters,
we trained our framework with a quasi-LEAVE-ONE-set-OUT. This revised
version of the LEAVE-ONE-OUT technique consists of two steps: 1) training
the model on several sets of aDBS parameters, leaving one set out; then, since
the model goes in overfitting, 2) we perform a fine-tuning on the left out set of
parameters, training the framework on a train set with only 50% of the data
and then testing it on the remaining data. The set left out for each patient is
the second one for which we have more days of recording, in order to achieve
more reliable evaluation results. This way, overfitting is solved, resulting in
comparable performance to the previous tasks. We used wMAPELoss() as
criterion, with RMSProp() as optimizer and Ir=1e-5 as a learning rate.

For the sake of clarity, we outline our pipeline for distinguishing
between training and validation sets:

¢ Single Set of aDBS parameters:

1. Partition recordings from a single patient based on different aDBS
parameter settings.

2. Form training/validation tuples. For one specific set of aDBS para-
meters, segment daily recordings into tuples (x, ),
eg. ([day,, day, ], day, ).

3. Split the dataset. Assign 85% of the data to training and 15% to vali-
dation, then shuffle the training set.

* Multiple Sets of aDBS parameters:

1. Partition recordings from a single patient based on different aDBS
parameter settings.

2. Form training tuples for each parameter setting as described above.

3. Two-phase validation approach:

— Phase 1: Exclude one set of aDBS parameters, using its tuples as the
validation set while using all other sets for training. The training set is
shuffled.
— Phase 2: Within the previous validation set, allocate 50% of the data
for fine-tuning and 50% for final validation. The fine-tuning subset is
shuffled.

In this way, we avoid LAURA learning dependencies between the daily
distributions presented during validation/test during training, thus miti-
gating overfitting (Supplementary Fig. 8).

Dealing with a distributional regression task, several metrics have been
computed on the prediction, such as RMSE, MAPE, R2, and wMAPE. We
assess the performance of our framework by computing the average
WMAPE, over the bins of the predicted distributions, over the test set.
Searching for bounded metrics for regression tasks, we also computed the
average over the test set of the percentage inaccuracies in identifying the 10th
and 90th percentiles of the predicted distributions with reference to the
observed ones. This metrics have been chosen strictly correlated to the
thresholds 3> Bimax settled during the aDBS device recalibration.

Linear and Zero-order predictor
To demonstrate LAURA’s effectiveness in predicting beta power variations,
we compared LAURA’s performance with that of a linear regressor and that
of a zero-order regressor, as defined below.

Given a sequence of time series data source_sequence with length
num_days, we fit a simple linear regression model to each bin of the time
series such that:

next value =a * (current value) + b

For num_days = 1, we set a zero-order regressor with a =1 and b = 0;
For num_days = 2, the model directly computes the coefficients from the last
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two days; For num_days > 2, the model uses linear interpolation across more
days to estimate coefficients.
Let’s denote:
- X =[x, X,
n = num_bins;
- m = num_days;
- a; and b; as the coefficients for the linear model for bin i.

,%,]7 as the data vector for day t, where

The linear model for predicting the data for bin i at day ¢ + 1 based on
the data at day t is:

Xy = 4%y + b; (2)

To fit this linear model for each bin i, we need the following matrices:
- the Design Matrix X such that X[i, :] = [x1; X2 ..., X(m—1)i] Is @ TOW
vector containing all data for bin i from day 1 to day (m — 1).
— the Target Matrix Y such that Y[, :] = [Xp;, X35, ..., X,,,i] 1S @ rOW Vector
containing the next day’s data for bin i, thus from day 2 to day m.
Finding the coefficients a; and b; that best fit the linear relationship
between X[, :] and YTi, :] means solving the following LS (least square)
optimization problem for bin i:
a.:
X/ 1 _ /
M g

1

2

3)

/| Gi ’ .
X [b } =) = min, ,
i 2
where X' = [X[i,:]" 1],y = Y[i,:]"
mization problem is deterministic:

. The solution to the LS opti-

b.

1

|:a1} _ (X/TX/)_IX/T)// (4)

When num_days = 2, we only have a linear model based directly on the
two days for each bin:

{ }—y=> ™ 1}[“1}:;:2,. 5)

b
If x;;#0, then g, = b =0

If x;;=0, then =0, b
RFA predictor

As further confirmation of the inherent nonlinearity of the subthalamic beta
activity, we compared piecewise linear and zero-order regressors with a RFA
to predict one day ahead. Since it does not make any a priori assumption on
the dynamics, the RFA is able to capture non-linearities, yet it does not
inherently have an understanding of the time sequence (that’s why only the
one-day-ahead prediction is performed).

According to the notation introduced in the previous section, for each
bin 7 of the input distribution, we fit a Random Forest model such that:

X(t+1)i = fi(xy) (6)
where f; is trained on historical data.

The Random Forest regressor is an ensemble of R decision trees. Each
tree makes a prediction h,(x;;), and the final prediction is the average of all
tree predictions. Our RFA implementation leverages the RandomFor-
estRegressor from the scikit-learn library in Python.

Data availability

The datasets presented in this article are not readily available because LFP
recorded with the AlphaDBS device cannot be deposited in a public repo-
sitory as they can be traceable to the identity of the subject. Requests to access
the datasets should be directed to IUI, ioannis.isaias@asst-pini-cto.it.

Code availability
Python code for the LAURA framework is available upon request at https://
github.com/falciglia/Sant-Anna-Pisa/tree/main/LAURA.
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