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Abstract
Deep brain stimulation (DBS) treatment has proven effective in suppressing symptoms of rigidity, bradykinesia, and tremor 
in Parkinson’s disease. Still, patients may suffer from disabling fluctuations in motor and non-motor symptom severity 
during the day. Conventional DBS treatment consists of continuous stimulation but can potentially be further optimised by 
adapting stimulation settings to the presence or absence of symptoms through closed-loop control. This critically relies on 
the use of ‘physiomarkers’ extracted from (neuro)physiological signals. Ideal physiomarkers for adaptive DBS (aDBS) are 
indicative of symptom severity, detectable in every patient, and technically suitable for implementation. In the last decades, 
much effort has been put into the detection of local field potential (LFP) physiomarkers and in their use in clinical practice. 
We conducted a research synthesis of the correlations that have been reported between LFP signal features and one or more 
specific PD motor symptoms. Features based on the spectral beta band (~ 13 to 30 Hz) explained ~ 17% of individual vari-
ability in bradykinesia and rigidity symptom severity. Limitations of beta band oscillations as physiomarker are discussed, 
and strategies for further improvement of aDBS are explored.

Keywords Parkinson’s disease · Deep brain stimulation · Subthalamic nucleus · Electrophysiology · Beta oscillations

Introduction

Parkinson’s disease (PD) is a neurodegenerative disease 
leading to a wide range of motor and non-motor symptoms. 
To date, neither a cure nor disease-modifying therapies 
are available. Dopaminergic medication may adequately 
suppress initial symptoms but typically become less effec-
tive as the disease progresses. Late-stage PD patients may 
be referred for stereotactic procedures such as deep brain 
stimulation (DBS). On average, DBS treatment significantly 
reduces motor symptoms as measured with the Unified 
Parkinson’s Disease Rating Scale (UPDRS) [1–4]. How-
ever, clinical outcomes are variable across individuals, and 

stimulation-induced side-effects such as dyskinesia, dys-
arthria, and neuro-psychiatric symptoms are common [5]. 
DBS efficacy may also vary during the day within individu-
als as a result of concurrent medication-intake or physiologi-
cal fluctuations. These challenges call for an optimisation of 
stimulation settings adjusted to the individual patient and in 
a time-dependent way.

To achieve this, so-called physiomarkers related to the 
severity of certain (non-)motor symptoms or states can help 
to optimally titrate stimulation. For example, DBS could be 
switched on based on the detection of a physiomarker that 
signals the presence of tremor, and switched off when the 
physiomarker is no longer detected. This form of DBS is 
called “adaptive” (aDBS) or “closed-loop” DBS [6] and is 
currently already applied as clinical care in some countries 
[7]. aDBS potentially reduces side-effects due to overstim-
ulation, saves battery power consumption, and also holds 
promise for implementing symptom-specific stimulation set-
tings. The success of aDBS applications critically depends 
on the quality and predictive value of the used physiomarker. 
Non-invasive electrophysiological signals such as the EEG 
and ECG are relatively easy to measure but may not have 
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a clear relation to symptom severity. EMG and accelerom-
etry are capable of detecting tremor and dyskinesia symp-
toms [8–10] but are also prone to confounding signals from 
voluntary movements. In general, the following criteria 
can be applied to judge the clinical usefulness of a certain 
physiomarker:

(1) Indicative Is the physiomarker sufficiently linked to the 
severity of fluctuating symptoms?

(2) Individual Is the physiomarker detectable in every patient 
and patient-specific if needed?

(3) Implementable Is the physiomarker (technically) capable of 
automatically titrating stimulation?

A primary candidate for extracting suitable physiomark-
ers is the local field potential (LFP) signal that can be 
recorded from the DBS electrode contacts that are not used 
for stimulation. Modern sensing-enabling neurostimulators 
such as the Medtronic Percept™ PC [11] have demonstrated 
that it is technically feasible to integrate LFP recordings and 
stimulation within the same DBS device. This has the advan-
tage that neural activity can be recorded directly from the 
DBS target structures that are thought to be implicated in the 
disease. LFP signal features might therefore have a direct 
(causal or associative) relation with clinical symptoms. In 
the last decades, much effort has been put into the discovery 
of LFP physiomarkers in PD and in their use in clinical prac-
tice. In this systematic review, we provide an overview of 
the markers that have been studied, show their pooled effect 
sizes, and discuss to what extent they are indicative, indi-
vidual, and implementable for successful aDBS treatment.

Literature search and research synthesis

The scientific literature was searched for studies that report 
outcomes of a correlation analysis between subthalamic 
nucleus (STN) LFP signal features and PD symptoms. The 
following search term was used in Web of Science: (LFP* 
OR "local field potential*") AND correlat* AND Parkin-
son*. This resulted in 270 abstracts that were scanned for 
relevance. Additional literature was collected through snow-
ball sampling. Single subject cases and experimental studies 
in non-human species were excluded. Reported outcomes 
from Pearson (R) or Spearman (ρ) correlation analysis with 
UPDRS (sub-)scores were identified in the main text of the 
selected studies. These are presented separately for signifi-
cant correlations in Table 1 and for non-significant correla-
tions in Table 2. Considered categories are: total UPDRS-III 
score, total hemibody score (bradykinesia + rigidity + tremor 
items), hemibody bradykinesia + rigidity items, and hemi-
body tremor items. Pooled effect sizes were computed 
separately for R and ρ according to [12] and are displayed 

together with the distribution of data points in Fig. 1. A 
random-effects model was used to account for between-study 
heterogeneity with restricted maximum likelihood estima-
tion of the heterogeneity variance.

Overview of LFP physiomarkers in PD

Out of the LFP signal features that have been linked to 
Parkinsonian symptom severity so far, the most frequently 
reported associations are between UPDRS-III (motor) scores 
of hemibody rigidity and bradykinesia and measures of con-
tralateral STN beta (~ 13 to 30 Hz) oscillations. Higher spec-
tral power values [13–22], a larger spatial extent over which 
beta oscillations can be detected [21, 23], longer bursts of 
beta oscillations in ongoing time series [24, 25], lower com-
plexity of time series [26], and fewer fluctuations in spectral 
power over time [27] have all been linked to more impair-
ment. Pooled together, their estimated correlation value with 
bradykinesia and rigidity symptoms equalled 0.416 for R 
(95%CI: [0.340 0.486]; Q = 27.44, p = 0.440; τ = 0.080, 
95%CI: [0.000 0.208]; I2 = 1.6%, 95%CI: [0.0 42.9]) and 
0.504 for ρ (95%CI: [0.416 0.582], Q  = 31.00, p = 0.189; 
τ = 0.107, 95%CI: [0.000 0.308]; I2 = 19.4%, 95%CI: [0.0 
50.2]). This suggests that around 17% (R2) of individual 
variability in symptom severity can be explained by beta-
based LFP signal features.

Other cardinal Parkinsonian symptoms have also been 
associated with spectral features of STN recordings. Strik-
ingly, UPDRS tremor scores are typically not correlated with 
time-averaged spectral beta power, but a transient suppres-
sion of beta power may be observed during time periods in 
which strong tremor occurs [28, 29]. In addition, the pres-
ence of tremor has been linked to several other frequency 
bands including theta [30], low-gamma [31, 32], high-
frequency oscillations (HFO) [33, 34], and the tremor fre-
quency itself [35]. Dyskinesia has been linked to both theta 
and gamma activity [36, 37], and postural instability and gait 
problems with theta, alpha, (high-)beta activity, and HFO 
[34, 38–40]. Non-motor symptoms such as those related to 
impulse control [41–44] and depression [45, 46] have also 
shown to be reflected in LFP recordings.

Even for a single physiomarker such as spectral beta 
power, there is considerable variation amongst studies in 
the exact methodology used for linking it to symptom sever-
ity (see Table 1). Approaches differ in the use of absolute 
versus normalised power spectra, peak values versus a mean 
across a range of frequencies, the exact frequency range that 
is considered, and the medication state of the patient dur-
ing which the recordings were obtained. These choices may 
or may not affect the statistical relation of recordings with 
clinical outcome measures. For example, averaging spec-
tral power across the entire 8–35 Hz frequency range might 
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be less sensitive for detecting a significant correlation with 
bradykinesia/rigidity scores compared to selecting power 
values at individual beta peak frequencies [47]. Despite 
several reports of significant correlations between meas-
ures of spectral beta power and UPDRS-III (sub-)scores, 
multiple studies found non-significant relations (Table 2). 
It is unclear whether these negative findings resulted from 
methodological choices, a lack of statistical power, or a true 
lack of correlation.

A suitable physiomarker for aDBS applications should be 
capable of differentiating between states of symptom severity 
within an individual or hemisphere. One way to investigate this 
is to look for correlations between levodopa-induced changes 
in LFP signal features and changes in clinical scores. In gen-
eral, this has revealed similar correlation values between spec-
tral beta power measures and bradykinesia and rigidity scores 
compared to on and/or off medication states alone. Another 
way is to look at fluctuations that naturally occur over time 
within an individual. The focus has again been mostly on beta 
oscillations, which have been demonstrated to occur in brief 
periods of high-amplitude bursts in the STN [25]. Importantly, 
movements that are triggered around the time of a beta burst 
are performed slower [48], hence underscoring the potential 
of this physiomarker for aDBS. The duration of these bursts 
seems crucial to consider. While the presence of long-duration 
bursts might signal symptoms of bradykinesia/rigidity, short-
duration bursts are associated with good clinical scores [24, 
25]. To date, most aDBS applications have used beta bursts 
with a minimum duration and amplitude as physiomarker for 
triggering stimulation, with performance comparable but not 
superior to continuous DBS [49].

Current limitations of LFP physiomarkers 
in PD

Despite the progress in the field of discovering LFP 
physiomarkers for PD, there are still some important 
limitations. To start with, the low percentage of explained 
variability in outcome measures means that the relevant 
information contained in current physiomarkers is rela-
tively small. Explanations for this relate to both physio-
marker detection as well as appropriate quantification of 
symptom severity. Clinical ratings used for correlation 
analysis with physiomarkers are often rater-dependent 
and, for this reason, not objective. This is especially the 
case for bradykinesia items in UPDRS scores [65]. The 
scoring of these items is also nonlinear, meaning that a 
larger worsening of symptoms is needed to progress from 
a medium to high score than it is to progress from a low 
to medium score. For these reasons, the use of automated 
symptom assessments by, for example, automated video 
analyses [66] or smartwatch-derived signals [10] could Ta
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help to improve the (Pearson) correlation between physi-
omarker and symptom severity.

Low correlation values may also result from inter-
individual differences in LFP signal quality and (patho-)
physiology. Suboptimal placement of DBS electrodes, 
electrode impedance [57], presence of cardiac or move-
ment artefacts [67], and hardware failures may affect 
physiomarker detection. Even if electrode contacts are 
placed correctly in the STN target, an LFP beta peak 
is not always evident in every patient. Multiple studies 
report that a clear spectral beta peak was not discern-
able in ~ 5 to 15% of recordings [13, 14, 16, 24, 51, 53, 
68] and a clear relation between peak movement velocity 
and beta burst amplitude was observable in 9 out of 12 
patients in the study by [48]. These findings show simi-
larities with other neurological disorders such as epilepsy 
in which, in some instances, no EEG abnormalities are 
seen [69]. Conversely, spectral beta peaks and beta-HFO 
phase-amplitude coupling have also been observed in LFP 
recordings from dystonia patients [68], hence questioning 
the specificity of these markers for PD. It is conceivable 
that the absence of certain physiomarkers in individual 

patients is related to deviant symptom manifestation and/
or underlying neurobiological factors. Different patho-
physiological mechanisms may lead to a very similar 
presentation of motor impairment.

Arguably the most suitable physiomarkers for aDBS 
are the ones that directly reflect the underlying neurobio-
logical cause of the symptom that is considered. These 
might however be difficult to identify in LFP recordings, 
as the signal originates from the summed electrical activ-
ity of large populations of neurons and is mainly sensitive 
to only the synaptic input neurons receive. Although some 
evidence exists that STN stimulation at 20 Hz can slow 
movements in humans [70–72], in experimental animal 
models of progressive PD, symptom onset can precede 
the emergence of an LFP spectral beta peak [73, 74], 
suggesting that STN and GPi beta oscillations are not 
causally involved. As a minimum, beta oscillations alone 
seem not sufficient to explain the full spectrum of Par-
kinsonian symptoms. The role of other frequency bands 
or the interaction between frequency bands could still be 
further explored. With further development of hardware 
and neurophysiological understanding, it might be that 

Fig. 1  Distribution of correlation values and pooled effect sizes. 
Included data points are from Table 1 and 2. Filled circles represent 
correlation values that were deemed significant by the original study. 
Open circles represent non-significant correlation values. The size 
of circles reflects the number of hemispheres that were used in the 
correlation analysis. Black horizontal lines indicate the pooled effect 
size estimate across studies. Pearson’s R (top row) and Spearman’s ρ 

(bottom row) are visualised separately. All UPDRS categories include 
reported correlations for total UPDRS-III, total hemibody (bradykin-
esia + rigidity + tremor), hemibody bradykinesia + rigidity, and hemi-
body tremor items. These categories are visualised separately for 
beta-based LFP features on the right. Since the sign of the correlation 
was not necessarily comparable for different LFP measures, we opted 
for the use of absolute R and ρ values
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additional physiomarkers can be identified that are closer 
to true neurobiological causes.

Combinations of physiomarkers in PD

Several strategies are being developed to overcome the limita-
tions of current LFP physiomarkers for aDBS. One promising 
avenue is the simultaneous use of multiple signal features to 
monitor different symptoms in parallel. In theory, monitor-
ing of the tremor frequency range [75] could be combined 
with the monitoring of beta (bradykinesia/rigidity) and gamma 
oscillations (dyskinesia) [76] to control stimulation. In this 
way, the amplitude of beta oscillations might act as a trigger 
for switching on or off the stimulation, while the stimulation 
amplitude can be controlled based on gamma band power. 
Alternatively, single physiomarkers could be based on mul-
tiple signal features. Multiple regression models that include 
information from different frequency bands may significantly 
increase the correlation with UPDRS symptoms but can also 
reveal that individual predictors are merely collinear [16, 17, 
21, 55]. Shah et al. [77] recently demonstrated that a weighted 
combination of spectral power in different frequency bands 
improved prediction performance of best stimulation contact 
compared to a single LFP feature. In principle the weights 
could be optimised per hemisphere to find a combination of 
LFP features that works best for aDBS treatment in an indi-
vidual patient.

Next to the use of multiple characteristics of a single sig-
nal, it could be advantageous to combine physiomarkers from 
different recording techniques. ECoG recordings from the 
motor cortex could be informative for decoding the patient’s 
voluntary movements or to obtain additional information about 
the severity of symptoms [78]. In fact, the first (animal) study 
on aDBS in PD [79] used cortical physiomarkers to apply 
subcortical aDBS. A fully implanted ECoG-based aDBS 
system has already found its clinical application in a patient 
with cervical dystonia where the detection of a motor cortical 
theta burst triggers STN stimulation [80]. An additional ben-
efit of further developing this approach for PD would be the 
smaller influence of stimulation artefacts that might impede 
the detection of physiomarkers when stimulation is switched 
on. In a laboratory setting, accelerometers and EMG have been 
successfully used for adaptive control of essential tremor by 
triggering stimulation in ventrolateral thalamus based on the 
phase or amplitude of measured upper limb tremor [81, 82]. 
Physiomarkers from wearable technology might however be 
technically more difficult to embed into the implanted pulse 
generator for care outside the clinic.

Translating physiomarkers to closed‑loop 
DBS treatment

The first proof-of-principle for aDBS was obtained in 
externalised patients in the immediate post-operative 
phase with the amplitude of beta oscillations as physio-
marker for bradykinesia and rigidity symptoms [83]. Sev-
eral subsequent steps have led towards its application in a 
‘care as usual’ setting. The potential of beta-band aDBS 
was demonstrated to further include the control of speech 
problems [84], freezing of gait [85], and dyskinesia [86], 
and was tested in chronic [87, 88] and at home settings 
[89]. With the dawn of commercially available implant-
able DBS devices that are capable of chronic LFP record-
ings and adaptive programming [7, 90], the actual clinical 
merit of this form of stimulation can now be trialled on a 
large scale.

Choosing the right physiomarker(s) for aDBS can be 
challenging. A causal relation between the physiomarker 
and clinical symptoms may not be essential for successful 
applications, but correlation coefficients should be suffi-
ciently high and generalisable to recordings taken from 
other moments in time or individuals. A fairly large num-
ber of studies have now replicated the association between 
beta-band-based LFP signal features and bradykinesia/
rigidity symptoms. In addition, some evidence exists that 
the correlation with beta power remains consistent over a 
time period of several months [20]. The reproducibility of 
other less-well studied LFP signal features remains to be 
established. So far, most aDBS studies have dealt with the 
continuous scale of beta oscillation amplitude by setting a 
fixed threshold for the detection of symptom occurrence. 
This, however, leads to the additional challenge of choos-
ing the right threshold for an individual patient and time 
period. Eventually, automatic classification algorithms 
based on single or multiple signal features [91–93] might 
lead to more successful applications. Such algorithms 
could possibly be augmented with the detection of phys io-
logical states such as activity level or active movement 
preparation [78, 94] to make stimulation settings context 
specific.

Another critical factor for the success of aDBS treat-
ment is the signal quality of the used physiomarker. Most 
correlations reported in Table 1 were obtained after com-
puting spectral power from a recording of several min-
utes. For real-life applications, the physiomarker should 
be detectable in recordings of a few seconds to optimally 
benefit from the dynamic nature of closed-loop control. 
At present, LFP recordings from sensing-enabled DBS 
devices are prone to cardiac, stimulation, and movement-
related artefacts [95]. The true impact of these artefacts 
on aDBS applications has not yet been established. The 
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key question is to what extent the artefacts lead to erro-
neous loops of stimulation instead of closed loops based 
on pathological brain activity. One important trade-off in 
this regard is the capability of the DBS device to perform 
complex operations on the LFP signals versus process-
ing speed and battery consumption. Since more and more 
pulse generators are becoming rechargeable and can make 
use of processing capacities outside the body, these limita-
tions might be overcome in the future.

Conclusion

In the last decades various studies have reported clinical 
correlations between electrophysiological activity in the 
STN and symptomatology of PD. Out of this work, beta 
oscillations have surfaced as the ‘physiomarker’ with most 
potential as a control parameter for adaptive DBS treatment. 
However, current applications would likely need to improve 
on all three criteria of clinical usefulness (indicative, indi-
vidual, implementable) in order to progress from a perfor-
mance that is similar to continuous stimulation [49]. Even 
though sensing-enabled DBS devices are now commercially 
available, in the absence of a clear LFP-based programming 
strategy their current use is restricted to academic DBS cen-
tres [96]. The wider clinical applicability would benefit from 
closed-loop algorithms that can automatically detect rele-
vant physiomarkers for titrating stimulation with minimum 
intervention from clinical staff. Fortunately, developments 
in research and hardware technology are moving fast. The 
first clinical trials on aDBS are currently being conducted 
and will likely shape the future application of this treatment.
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