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Brain-computer interfaces (BCIs) hold promise as assistive communication technology for people 
with severe paralysis. Although such BCIs should be available 24/7, feasibility of nocturnal BCI use has 
not been investigated. Here, we addressed this question using data from an electrocorticography-
BCI user with amyotrophic lateral sclerosis. We investigated nocturnal dynamics of neural signal 
features used for BCI control. Additionally, we assessed nocturnal performance of a decoder trained 
on daytime data, by quantifying the number of unintentional BCI activations at night. Finally, we 
developed a nightmode functionality and assessed its performance. Mean and variance of low and 
high frequency band power were significantly higher at night than during the day. When applied to 
night data, daytime decoders caused unintentional BCI activations in 100% of nights (245 unintended 
click-commands and 13 unintended caregiver-calls per hour). The specifically developed nightmode 
functionality, however, functioned error-free in 79% of nights over a period of ± 1.5 years, allowing 
the user to reliably call the caregiver. Reliable nighttime use of a BCI requires strategies to adjust to 
circadian and sleep-related signal changes. This demonstration of a reliable nightmode and its long-
term use by an individual with amyotrophic lateral sclerosis underscores the importance of 24/7 BCI 
reliability.
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Neural disease or injury can lead to a state of almost complete paralysis while cognition is spared, so called 
locked-in syndrome (LIS1,2;. The ability to communicate is a determining factor for the quality of life in people 
with LIS3,4. Conventional augmentative and alternative communication (AAC) technology can assist people 
with LIS in communication but requires residual, reliable motor control5, which not all people with LIS are 
able to produce. These individuals may benefit from brain-computer interface (BCI) technology, which allows 
computer control based on brain signals6–8.

Several studies have shown that people with severe paralysis can use an implanted BCI for communication9–19. 
Moreover, first evidence of the feasibility and user benefit of unsupervised at-home use of implanted BCI 
systems has now been demonstrated14,17,20. Successful at-home use of a communication device by people with 
LIS, however, involves the ability to call caregivers and communicate needs not just during the day, but also 
at night. Importantly, research has shown that sleep affects brain activity in several regions21,22, including the 
sensorimotor cortex23,24, which constitutes the signal source of the vast majority of implanted BCIs.

We here used a unique dataset from a BCI user with late-stage amyotrophic lateral sclerosis (ALS) to 
investigate how BCI control signals in the sensorimotor cortex change at night. Second, we tested the nocturnal 
performance of BCI decoders that were optimized for daytime usage by applying them, offline, to night data. 
Finally, we developed and tested a dedicated nightmode functionality that allowed the BCI user to reliably 
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generate a call-caregiver signal at night and assessed its performance in daily life settings over a period of ± 1.5 
years.

Methods
Protocol approval, registration, and consent
The study was approved by the Medical Research Ethics Committee of the University Medical Center of 
Utrecht, the Netherlands. Research was conducted according to the Declaration of Helsinki (2013). The study 
was a registered clinical trial (ClinicalTrials.gov: NCT02224469). The participant gave informed consent using a 
procedure dedicated to people with severe communication impairments17.

Participant information
The participant of this study is a woman (UNP1) diagnosed with ALS, who was enrolled in the Utrecht 
NeuroProsthesis clinical trial in September 2015, when she was in her fifties. At the time, she was quadriplegic 
and anarthric, and used an eye gaze device and eye blinks for communication. She received chronic tracheostomy 
invasive ventilation. Information about the participant’s cognitive and motor status over time has been provided 
in an earlier manuscript20. In November 2015, the participant was implanted with a BCI system, which enabled 
her to generate click-commands for communication. To produce a click-command, she attempted right hand 
fingertapping (sequential finger opposition) to generate brief changes in sensorimotor neural activity17. A second 
decoding algorithm25 detected a more sustained increase of sensorimotor cortex activity (> 7.6 s), generated by 
more long-term attempted fingertapping, which triggered a pop-up escape window (enabling quick caregiver 
calls, and an escape from software menus), or a system activation from daytime standby mode, depending on the 
AAC software context, henceforth referred to as ‘escape’ (Supplementary Figure S1).

Data acquisition
The implant consisted of two electrocorticography (ECoG) electrode strips (Resume II ®, Medtronic; off-label 
use), with 4 electrodes each, placed subdurally over the hand knob region of the left sensorimotor cortex. Two 
other strips were implanted over the dorsolateral prefrontal cortex26. In October 2015, one strip from each 
brain region was connected to an amplifier-transmitter device (‘implanted device’; Activa ® PC + s, Medtronic; 
off-label use), which was implanted subcutaneously under the left clavicle. In September 2020 (week 255 since 
implantation), the implanted device was replaced, to enable continued use of the system20. During this surgery, 
both sensorimotor cortex electrode strips were connected to the implanted device. The lead of the previously 
connected DLPFC strip was capped and left disconnected.

The implanted device wirelessly transmitted either raw potential data at 200 Hz (time domain) or frequency-
decomposed data at 5 Hz (power domain)17 to an external antenna. The power domain mode required 
significantly less battery power than the time domain mode and was therefore always employed for independent 
at-home use, as well as for nocturnal measurements. Up to December 2021, the participant used a combination 
of low frequency band (LFB: set to 20 ± 2.5 Hz on the implanted device; effective bandwidth is broader) and high 
frequency band power (HFB: set to 80 ± 2.5 Hz; effective bandwidth is broader) from electrode pair E2E3 for 
daytime BCI control. As of December 2021, LFB power of E2E3 was combined with HFB power from electrode 
pair E10E12 to boost BCI performance, after it had gradually decreased20. Since only E2E3 data was used for 
BCI control at night (see Nightmode Functionality Development section) all data presented in this manuscript 
represents LFB and HFB power domain data from that electrode pair.

All data were recorded at the participant’s residence, either during research sessions or during independent 
at-home use. Night data and research session data that were used to develop decoding algorithms for night 
usage were recorded with the device that was implanted in 2015. All at-home BCI use data presented in this 
manuscript were recorded with the new device, between September 2020 and October 2022. The term ‘recording 
file’ refers to an individual data file (created when the BCI at-home use software was started and appended with 
neural data until the software was closed).

Data selection procedure
Based on information from the participant’s caregivers regarding her daily schedule, we assigned files recorded 
between 12:00 h and 20:00 h to ‘day data’ and 0:00 h and 8:00 h to ‘night data’. Data recorded in the other periods 
were not analyzed because they typically involved extensive physical care. For analysis of day and night signals, 
we only considered days and subsequent nights with at least 6 h of data (not necessarily continuous recording 
files; Table 1), which are referred to as ‘Day-Night Datasets’. For calculating the nocturnal performance of the 
daytime BCI decoders, we used data from ‘Initial Night Measurements’, passive recordings during the night, 
conducted before device replacement (Table 1). Additionally, data recorded during daytime research sessions 
(Research Session Data; Table 1) was used to ensure the participant’s ability to reliably activate the nightmode 
functionality (i.e., few false negatives) during its development.

Data pre-processing pipeline
ECoG data was analyzed with MATLAB (The Mathworks, Inc., version 2021a). LFB and HFB power data, 
sampled every 200ms (5 Hz) with the implanted device, was smoothed temporally over the preceding 1.2 s (cf17. 
Subsequently, recording files were concatenated into one long data file and matched to a file with date and time 
information. Timepoints without brain data were filled with NaN (‘not-a-number’) values.

Data analysis: comparing day and night ECoG signals
For analysis of the LFB and HFB power dynamics, we first established the normalized mean power of LFB and 
HFB signals for each day and night (Day-Night Datasets with > 6 h of data; Table 1). In addition, we established 
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the variance in power during days and nights. Outliers (> 3 SDs from the mean) were removed from the data. 
Then the difference in mean power and variance between each day and subsequent night was calculated. Second 
order polynomials were fitted to every timeseries (12 in total; day, night and difference for power and variance, 
and for LB and HFB) to establish and account for potential signal deterioration over time. To compare day vs. 
night, we tested whether the time-average of the day vs. night difference series (detrended with the second-
order polynomial fit) differed from zero using generalized least squares (GLS) with a continuous‑time AR(1) 
(Ornstein–Uhlenbeck/CAR(1)) correlation structure to adjust standard errors for serial correlation under 
irregular sampling. For the four day vs. night tests (power and variance for LFB and HFB), p‑values were adjusted 
using the Benjamini–Hochberg false discovery rate (FDR) procedure (q = 0.05).

Data analysis: performance of daytime BCI decoder at night
We investigated how many unintentional click commands and escapes would have occurred during the night, if 
the decoding algorithms the participant used to produce these BCI commands during daytime at-home use of 
the BCI, were applied offline to nocturnal data. The nocturnal data used for this analysis was acquired in nights 
in which the participant did not yet use the BCI (Initial Night Measurements, yielding 86.2 h of data; Table 1). 
Therefore, any detected click-command and escape can be considered unintentional. We present an overview of 
the number of unintentional click-commands and escapes per hour. Notably, a formal analysis of unintentional 
click-commands and escapes for daytime data could not be made as the BCI was used during daytime, and the 
intentionality of each of the BCI commands was not logged. Yet, we have reported earlier that BCI performance 
was highly accurate for many years after implantation20.

Nightmode functionality development
Data collection
Based on the results of the off-line evaluation of the performance of the daytime BCI decoders at night, we 
concluded that a dedicated approach was needed to provide the participant with the option to leave the BCI 
system on during sleep with minimal false positive activations, while giving her the option to call a caregiver 
at night when needed. An additional requirement was that the system should not depend on visual stimuli, 
because the participant’s eyes were kept closed at night with medical tape, to prevent uncontrolled opening 
and subsequent drying of the cornea. Data recorded during seventeen nights in the period of Dec 2017 to Jan 
2020 (weeks 111–220) were used to investigate the spontaneous occurrence of decoder activations with the aim 
to develop a nightmode functionality that would produce a minimal number of false positives (Initial Night 
Measurements; Table 1). Additionally, data recorded during daytime research sessions (Research Session Data; 
Table 1) was used to ensure the participant’s ability to reliably activate the nightmode functionality (i.e., few 
false negatives). In these research sessions, the participant tested the activation of the nightmode functionality 
by performing different mental strategies. Several strategies proved unsuccessful. An overview of the attempted 
strategies is presented in the Supplementary Results and Supplementary Table S1 and S2. Feasibility of the strategy 
that was eventually implemented and utilized was tested in 14 repetitions of a research task (Research Session 
Data; recorded with the first implanted device in weeks 220–244 across five research sessions; see Table 1).

Nightmode functionality solution
The implemented nightmode functionality employed a sequence of correctly timed ‘nightmode events’ that 
were based on the LFB rebound. Nightmode events were defined by a strong LFB increase that occurred upon 
the termination of attempted movement. To cue the nightmode events, the participant used the timing of her 
ventilation machine, which was usually set to 15 cycles per minute (CPM) and was sometimes adjusted to 14 or 16 
CPM. The mental strategy the participant executed to call her caregiver at night was attempted hand movement 
during one 4-second ventilation cycle (when using 15 CPM), and rest during the next ventilation cycle. This 
sequence was repeated, leading to a LFB rebound approximately every 8 seconds. An individual nightmode 
event was registered when the normalized LFB signal passed an empirically determined threshold of −0.4 for 2 
seconds. Normalization was based on a 30-second calibration period that was completed before switching on the 
nightmode. During the 30-second calibration, the participant attempted three hand movements. The nightmode 

Dataset type: Recorded during: Number of datasets: Used for: Period: Methods Section:

Day-Night Datasets: night 
data > 6 h duration with matching 
daytime dataset

At-home usea 209 day-night datasets Analysis of day and night signals Week 
255–361

Data Analysis: 
Comparing Day and 
Night ECoG Signals

Initial Night Measurements Passive, at-home data 
recordingsb 17 nights

Quantification of nocturnal performance 
of decoders optimized for daytime use; 
Optimization of nightmode functionality.

Week 
111–220

Data Analysis: 
Performance of Daytime 
BCI Decoder at Night

Research Session Data Research sessions
14 repetitions of the 
research task (see the 
respective section)

Optimization of nightmode functionality Week 
220–244

Nightmode 
Functionality 
Development

Table 1.  Overview of different datasets. Datasets are presented in the same order as in the main text. Data 
recorded before week 255 was recorded with the first implanted device. Week numbers indicate weeks since 
implantation of the ECoG electrodes. a All data marked with ‘at-home use’ was recorded during periods of 
active BCI usage. b The Initial Night Measurements were passive night recordings, during which the participant 
did not attempt to use the BCI.
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event interval parameter was set to 6–10 sec (centered around the 8-second duration of two ventilation cycles), 
allowing for timing deviations and changes in the ventilation settings from 14–16 CPM. Other algorithm 
parameters were the required number of cycles, the rate, and the variance cutoff (Supplementary Table S3). The 
algorithm applied a sliding window to the preceding x seconds, with x being the number of cycles multiplied 
by the duration of one active-rest cycle (8 sec when using 15 CPM). The number of correctly timed nightmode 
events in the window was counted. When all requirements were met, the BCI system was activated, enabling the 
use thereof to call the caregiver (more info in Nightmode User Interface).

Nightmode user interface
The participant was able to set the system to enter nightmode with regular click commands. Alternatively, a 
caregiver could switch on the nightmode by using the touch screen. Immediately after the 30-second calibration 
and switching on the nightmode, the participant often performed a test BCI activation, and repeated the 
30-second calibration if the test was unsuccessful. Supplementary Figure S2 shows all user interface screens of 
the nightmode and its logic.

Data analysis: nightmode performance
We present information on frequency of at-home use and performance metrics of the nightmode. Performance 
data was collected by caregivers on night-duty, who were asked to assess whether a BCI activation at night was 
intentional or not (true/false positive), by asking the participant each time she had activated the nightmode. In 
addition, caregivers asked in the morning whether the participant tried to activate the system and if that was 
successful (true/false negative). This information was transmitted to the research team by (initially) daily phone 
calls, and (later) a written log kept by the caregiving team. Finally, based on qualitative reports, we present 
several real-life examples of reasons for using the nightmode to call a caregiver, and user satisfaction.

Results
Comparing day and night ECoG signals
The LFB and HFB mean power and variance during the day and during the night all revealed significant 
decreases over time (Day-Night Datasets; Table 1; Fig. 1). Testing the difference between day and night revealed 
larger power and variance during nighttime than during daytime for both LFB and HFB signals (Fig. 2). This 
difference significantly increased over time for LFB variance and for HFB power (Fig. 2).

Fig. 1.  Mean power and variance of daytime and nighttime HFB and LFB signals. Each blue dot represents a 
single day or night. The fitted second-order polynomial is represented by the red curve, and its surrounding 
pink shaded area is the 95% confidence interval of the fit. The F- and p-values correspond to a test of the 
null hypothesis (H₀) that there is no change over time. All the displayed degrees of freedom and confidence 
intervals are established while accounting for serial correlations (AR(1)).
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Performance of daytime BCI decoder at night
Offline application of the daytime decoders for click-commands and escapes on data that was acquired during 
the passive Initial Night Measurements (86.2 h over 17 nights; Table 1) in a period where the BCI was not yet 
used during the night, resulted in 245 unintentional clicks and 13 unintentional escapes per hour during the 
night (Fig. 3). All of the 17 nights contained errors.

Nightmode functionality and performance
Nightmode parameters
The parameters for the nightmode functionality that was implemented and utilized are shown in Supplementary 
Table S3. With these parameters, the system was activated as intended (true positive) in 13 out of 14 research 
task repetitions acquired during research sessions (Research Session Data; Table 1) and no false positives were 
present in the Initial Night Measurements. The only parameter that was adjusted in the period the participant 
used the nightmode at home was the number of cycles (see Figure legend of Fig. 5 for details). An example of 

Fig. 2.  Mean power and variance difference between daytime and nighttime for LFB and HFB signals. 
Each blue dot represents the difference between a single day and subsequent night. The fitted second-order 
polynomial is represented by the red curve, and its surrounding pink shaded area is the 95% confidence 
interval of the fit. The t and p-value show the test-results for the difference between night and day across 
all weeks (alpha < 0.05; FDR corrected for the 4 tests). The F- and p-values correspond to a test of the null 
hypothesis (H₀) that there is no change over time. All displayed degrees of freedom and confidence intervals 
were established while accounting for serial correlations (AR(1)).
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the pattern of signal changes required to activate the system and call the caregiver at night, recorded during a 
research session, is shown in Fig. 4.

Nightmode use and performance
Between September 2020 and October 2022, the participant used the BCI in 494 nights. Between week 255 and 
week 334, nightmode performance was logged for 337 nights (Fig. 5A). The number of logged nights decreased 
in the final months, when overall use of the system became more erratic and communication at night became 
more difficult20. As a result, caregivers could no longer determine if a nocturnal caregiver call was intended. 
Caregivers stopped filling out the performance logs from April 2022 onward. Nevertheless, the nightmode 
continued to be in use on the participant’s request until early October 2022 (week 361). In consultation with the 
participant and her caregivers it was then decided to no longer use the nightmode, due to unreliable performance 
and communication.

The nightmode functioned without errors in 79% of all logged nights (Fig. 5B). In 33% of all logged nights, 
only true negatives occurred (i.e., no nocturnal caregiver calls were attempted and no false positive occurred). 
58% of nights contained true positive nocturnal caregiver calls and on average there were 2.3 caregiver calls 
in those nights. 15% of all nights contained false negatives (on average 2.4 in those nights) and false positive 
caregiver calls occurred in 8% of nights (once every ± 12 nights; Fig.  5C). Individual nights could contain 
combinations of false and true, and positive and negative events.

Based on qualitative reports kept by caregivers, the participant used the nightmode to call caregivers mostly 
for care-related requests, such as lung suctioning or medication. The participant reported satisfaction with the 
nightmode on multiple occasions to researchers during research sessions.

Fig. 4.  Nightmode sequence example. LFB power recorded during a research task in which the participant 
was asked to follow the block design of her ventilation machine (4 s of attempted hand movement, 4 s of rest). 
Besides an auditory start (at 20 s) and stop cue (at 140 s) no other task cues were provided. In this case, the 
nightmode functionality was activated after 11 nightmode events even though it was set to 12 cycles. This 
happened because the rate was set to 0.01, allowing for one false negative at any point in the sequence. The 
absence of any false negative nightmode event between cycles effectively activated the nightmode functionality 
one cycle sooner.

 

Fig. 3.  Distribution of unintentional clicks and escapes. The number of unintentional clicks (left) and escapes 
(right) plotted in 30-minute blocks, calculated on the Initial Night Measurements (Table 1) performed before 
installing the nightmode (86.2 h of data recorded across 17 nights). Each bar indicates 30 min of the period 
between 0:00 h − 8:00 h, which was considered night, as per caregiver information.
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Fig. 5.  Nightmode data overview and performance. X-axes indicate week number since electrode 
implantation, with each week number representing the start of a 4 week period. A: Number of nights per 
4-week period for which performance was logged. B: The percentage of nights without any false positives (FP) 
or false negatives (FN). C: The percentage of nights that contained 1 or more false positive (FP) and 1 or more 
false negatives (FN). Notably, the ‘number of cycles’ parameter (see Supplementary Table S3) was changed in 
week 284 from 12 to 11 in an attempt to improve performance of the nightmode functionality (decreasing 
the number of FNs). In week 286 it was changed from 11 to 10, after which two false positives occurred in the 
subsequent night. The number of cycles was then reverted to 11, as the participant preferred low FPs over low 
FNs. This parameter change led to 9% and 14% of nights with FPs and FNs, respectively in the period from 
April 2021 until March 2022 (week 283 – week 334, when the last nights were logged).

 

Scientific Reports |        (2026) 16:14001 7| https://doi.org/10.1038/s41598-026-44228-7

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Discussion
For real-life use, a BCI communication device should be available and function reliably 24/7. We show, in a 
person with late-stage ALS who had an implanted BCI system, that decoders that performed well during daytime 
generated high rates of false positive detections of BCI actions during the night, related to different nocturnal 
signal characteristics, which in effect would render the system useless at night if not accounted for. We also 
present a nightmode solution that allowed the user to activate the BCI system and call caregivers reliably at night, 
with few false positive activations.

The most noticeable observations when comparing day and night signals were that LFB (10–30 Hz) and 
HFB (65–95 Hz) power and variance were overall higher during the night than during the day. This result 
contradicts that of Cantero and coworkers27 who found higher gamma variance during wakefulness than during 
sleep in four able-bodied epilepsy patients. This discrepancy may be explained by the motor impairment of 
the participant of this study, and the associated lack of activation of the sensorimotor cortex. In the period of 
study (i.e., after week 255 post-implantation), the participant only moved when communicating yes-no with the 
corner of her mouth. In addition, cortical activity associated with BCI use and passive movement of limbs can 
be expected to occur far less frequently than the almost continuous activation expected due to movement and 
sensory activity in able-bodied people, even when they are bedridden such as in27.

The nature of the variability in HFB and LFB power at night is currently unclear. One potential explanation 
for the variability is that the participant sometimes napped during the day. Naps of more than 30 min long 
have been suggested to affect nighttime sleep28. No logs on naps or actual nocturnal sleep were kept (due to 
caregiver workload constraints). Second, it cannot be excluded that different levels of passive movements, 
such as those related to caregiving, account for differences of LFB and HFB power across different day/night 
combinations. Third, different sleep-stages (NREM/REM) are known to be associated with different neural 
signal characteristics22,29,30. Whereas the current dataset did not allow to distinguish between sleep-stages, 
different distributions thereof between days/weeks/months may be associated with different power and variance. 
Finally, research has shown that sleep is often affected in people with ALS31,32. Specifically, sleep efficiency is 
often decreased and wake time after sleep is increased. In our study, differences in sleep quantity and quality 
between nights may have led to variability in HFB and LFB power and variance. Further research will be needed 
to gain a full understanding of the effects of sleep and any ALS-related changes therein, on BCI control signals 
in the sensorimotor cortex.

Unintended BCI classifier activations should be kept to a minimum at all times but especially during the 
night, since they could interrupt the sleep of both the user and caregivers. We found that many false positive 
events were produced when classifier parameters optimized for daytime usage were applied to night data. 
The data used for this offline analysis was collected during the period in which the participant was not yet 
using the BCI at night. Therefore, all clicks and escapes that were detected by applying daytime decoders on 
nocturnal data can be considered unintentional, false positive BCI activations. Given that the BCI was used 
during the day, checking the same decoders for false positive generation during daytime home use could not 
be done, as ground truth information about the intentionality of click-commands and escapes produced would 
be lacking. Importantly, however, whereas BCI performance in this participant eventually declined due to ALS 
progression20, daytime decoders were highly accurate in the period the data for this assessment was acquired 
(~ year 2–4 after implantation; cf. Figure 1C of20. We therefore conclude that the erroneous decoding of clicks 
and escapes during nighttime was not caused simply by a lack of parameter optimization, but by spontaneous 
changes in the nocturnal signals for which the daytime decoder was not optimized.

The nightmode functionality was used by the participant for over two years. It allowed her to call caregivers 
when needing attention at night, The relatively long decision period of the nightmode algorithm (approximately 
1.5 min) seems impractical at first glance, but was considered usable by the participant, particularly given the 
absence of any other option. The eventual decline in the logging and use of the nightmode coincided with the 
overall deterioration in BCI performance of this participant reported earlier20. We have ascribed this decline to 
progressive ALS, which is known to affect upper motor neurons in the sensorimotor cortex and may additionally 
affect cognitive abilities and attention33. The relative success of this nightmode underscores the importance of 
applying an iterative and user-centered design approach in these types of clinical trials.

The impact of daytime decoding errors on daily use of the BCI system is limited, provided they occur 
sporadically. At night on the other hand, each false positive caregiver call will wake the user and their caregiver, 
negatively affecting sleep quality of both. In addition, an inability to call the caregiver when attention is needed 
(false negative) may leave the user in discomfort or pain. The performance requirements for BCI use at night 
can therefore be considered more strict than those for daytime usage. For example, up to December 2021 (week 
318) 1 in 12 nights contained an unintended caregiver call, which was deemed acceptable by the participant and 
her care team. However, when the number of false positives increased (e.g. after a parameter change in April 
2021 (week 286, see Fig. 5) to 2 false positives in one night) or when it was no longer possible to ascertain the 
validity of the system, caregivers were reluctant to rely on the system. A second requirement is the need for 
unobtrusive cues instead of visual or auditory cues that may disrupt sleep or that may be otherwise unusable for 
particular individuals. The current solution relied on the pace of the ventilation machine, which turned out to 
work well for the participant. Similar methods of using unobtrusive timing cues for generating precisely timed 
changes in neural signals that are unlikely to occur spontaneously during sleep may work for other users of 
similar BCI systems, but parameters will most likely require customization. The current BCI system provided a 
one-dimensional control signal. The fact that the participant required at least 11 active-rest cycles to minimize 
false positives at night underscores the large variability of sensorimotor brain signals. Other ECoG-based BCI 
systems that employ multidimensional control signals (e.g10,13,34) or BCI systems using intracranial micro-
electrode arrays (e.g15,16,18,19) are being tested. It is likely that also these more advanced BCI systems, if they were 
to be implemented in the daily life of the people they are meant to serve, will have to be adjusted to cope with 
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circadian or sleep-related signal changes in the neural signals. Indeed35, reported false positive decoded events 
(2-D cursor movements) in data recorded during sleep in a BCI participant with a multi-electrode array in the 
sensorimotor cortex. Further research will be needed to clarify whether or not specific neural signal features are 
more resistant than others to the effects of day and night, and to develop strategies to overcome these differences.

In the nightmode, activating the system was accomplished through an intentional mental strategy. An 
automatic classifier that detects when someone is asleep or awake would be preferable as it does not require any 
active input from the user, but this requires reliable, automatic sleep-stage detection from intracranial signals, 
which the current dataset was unable to provide. Such feature requires more research, and may benefit from 
recordings of brain regions other than those used for direct BCI control.

In conclusion, we report on day-night differences in ECoG signals measured in an implanted BCI user 
with late-stage ALS. We showed that, in this study participant, LFB and HFB sensorimotor signals used for 
BCI control were subject to spontaneous signal perturbations during the night, and that applying BCI decoder 
parameters optimized for daytime use to night data caused many unintended decoder activations. We present 
for the first time a nightmode solution that allowed a BCI user to reliably call a caregiver at night. Providing a 
BCI system that can cope with circadian and sleep-related brain signal changes is the difference between a BCI 
system that is available 24/7 and a BCI system that is usable 24/7.

Data availability
Reasonable requests for sharing of the data and code can be made to the corresponding author.

Received: 12 October 2025; Accepted: 10 March 2026

References
	 1.	 Smith, E. & Delargy, M. Locked-in syndrome. Bmj 330, 406–409 (2005).
	 2.	 American Congress of Rehabilitation Medicine. Recommendations for use of uniform nomenclature pertinent to patients with 

severe alterations in consciousness. Arch. Phys. Med. Rehabil. 76, 205–209 (1995).
	 3.	 Corallo, F. et al. Augmentative and alternative communication effects on quality of life in patients with locked-in syndrome and 

their caregivers. J. stroke Cerebrovasc. Dis. 26, 1929–1933 (2017).
	 4.	 Rousseau, M. C. et al. Quality of life in patients with locked-in syndrome: Evolution over a 6-year period. Orphanet J. Rare Dis. 10, 

1–8 (2015).
	 5.	 Higginbotham, D. J., Shane, H., Russell, S. & Caves, K. Access to AAC: Present, past, and future. Augmentative Altern. 

communication. 23, 243–257 (2007).
	 6.	 Nicolas-Alonso, L. F. & Gomez-Gil, J. Brain computer interfaces, a review. sensors 12, 1211–1279 (2012).
	 7.	 Wolpaw, J. R., Birbaumer, N., McFarland, D. J., Pfurtscheller, G. & Vaughan, T. M. Brain–computer interfaces for communication 

and control. Clin. Neurophysiol. 113, 767–791 (2002).
	 8.	 Wolpaw, J. R. & Wolpaw, E. W. Brain-computer interfaces: something new under the sun. Brain-computer interfaces: principles 

practice, Vol. 14 (2012).
	 9.	 Hochberg, L. R. et al. Neuronal ensemble control of prosthetic devices by a human with tetraplegia. Nature 442, 164–171 (2006).
	10.	 Metzger, S. L. et al. A high-performance neuroprosthesis for speech decoding and avatar control. Nature 1–10 (2023). ​h​t​t​p​s​:​/​/​d​o​i​.​

o​r​g​/​1​0​.​1​0​3​8​/​s​4​1​5​8​6​-​0​2​3​-​0​6​4​4​3​-​4​​​​​​​
	11.	 Metzger, S. L. et al. Generalizable spelling using a speech neuroprosthesis in an individual with severe limb and vocal paralysis. 

Nat. Commun. 13, 1–15 (2022).
	12.	 Mitchell, P. et al. Assessment of safety of a fully implanted endovascular brain-computer interface for severe paralysis in 4 patients: 

The stentrode with thought-controlled digital switch (SWITCH) study. JAMA Neurol. 80, 270–278 (2023).
	13.	 Moses, D. A. et al. Neuroprosthesis for Decoding Speech in a Paralyzed Person with Anarthria. N Engl. J. Med. 385, 217–227 

(2021).
	14.	 Oxley, T. J. et al. Motor neuroprosthesis implanted with neurointerventional surgery improves capacity for activities of daily living 

tasks in severe paralysis: first in-human experience. J. NeuroIntervent Surg. 13, 102 (2021).
	15.	 Pandarinath, C. et al. High performance communication by people with paralysis using an intracortical brain-computer interface. 

Elife 6, e18554 (2017).
	16.	 Stavisky, S. D. et al. IEEE,. Decoding speech from intracortical multielectrode arrays in dorsal arm/hand areas of human motor 

cortex. in 93–97 (2018). https://doi.org/10.1109/EMBC.2018.8512199
	17.	 Vansteensel, M. J. et al. Fully implanted brain–computer interface in a locked-in patient with ALS. N. Engl. J. Med. 375, 2060–2066 

(2016).
	18.	 Willett, F. R. et al. A high-performance speech neuroprosthesis. Nature 1–6 (2023). https://doi.org/10.1038/s41586-023-06377-x
	19.	 Willett, F. R., Avansino, D. T., Hochberg, L. R., Henderson, J. M. & Shenoy, K. V. High-performance brain-to-text communication 

via handwriting. Nature 593, 249–254 (2021).
	20.	 Vansteensel, M. J. et al. Longevity of a Brain–Computer Interface for Amyotrophic Lateral Sclerosis. N. Engl. J. Med. 391, 619–626 

(2024).
	21.	 Achermann, P. EEG analysis applied to sleep. Epileptologie 26, 28–33 (2009).
	22.	 Šušmáková, K. Human sleep and sleep EEG. Meas. Sci. Rev. 4, 59–74 (2004).
	23.	 De Carli, F. et al. Activation of the motor cortex during phasic rapid eye movement sleep. Ann. Neurol. 79, 326–330 (2016).
	24.	 Ramot, M. et al. Emergence of sensory patterns during sleep highlights differential dynamics of REM and non-REM sleep stages. 

J. Neurosci. 33, 14715–14728 (2013).
	25.	 Leinders, S. et al. Using a One-dimensional control signal for two Different output Commands in an implanted BCI. in Proceedings 

of the 7th Graz Brain-Computer Interface Conference 2017 (2017). https://doi.org/10.3217/978-3-85125-533-1-50
	26.	 Leinders, S. et al. Dorsolateral prefrontal cortex-based control with an implanted brain–computer interface. Sci. Rep. 10, 1–10 

(2020).
	27.	 Cantero, J. L., Atienza, M., Madsen, J. R. & Stickgold, R. Gamma EEG dynamics in neocortex and hippocampus during human 

wakefulness and sleep. Neuroimage 22, 1271–1280 (2004).
	28.	 Yoon, I., Kripke, D. F., Youngstedt, S. D. & Elliott, J. A. Actigraphy suggests age-related differences in napping and nocturnal sleep. 

J. Sleep Res. 12, 87–93 (2003).
	29.	 Abe, T., Matsuoka, T., Ogawa, K., Nittono, H. & Hori, T. Gamma band EEG activity is enhanced after the occurrence of rapid eye 

movement during human REM sleep. Sleep. Biol. Rhythms. 6, 26–33 (2008).
	30.	 Matarazzo, L. et al. A systems-level approach to human REM sleep. Rapid Eye Mov. Sleep: Regul. Function. 8, 71 (2011).

Scientific Reports |        (2026) 16:14001 9| https://doi.org/10.1038/s41598-026-44228-7

www.nature.com/scientificreports/

https://doi.org/10.1038/s41586-023-06443-4
https://doi.org/10.1038/s41586-023-06443-4
https://doi.org/10.1109/EMBC.2018.8512199
https://doi.org/10.1038/s41586-023-06377-x
https://doi.org/10.3217/978-3-85125-533-1-50
http://www.nature.com/scientificreports


	31.	 Lucia, D., McCombe, P. A., Henderson, R. D. & Ngo, S. T. Disorders of sleep and wakefulness in amyotrophic lateral sclerosis 
(ALS): a systematic review. Amyotroph. Lateral Scler. Frontotemporal Degeneration. 22, 161–169 (2021).

	32.	 Zhang, Y. et al. Sleep in amyotrophic lateral sclerosis: A systematic review and meta-analysis of polysomnographic findings. Sleep 
Med. https://doi.org/10.1016/j.sleep.2023.04.014 (2023).

	33.	 Abrahams, S. Neuropsychological impairment in amyotrophic lateral sclerosis-frontotemporal spectrum disorder. Nat. Rev. 
Neurol. 19, 655–667 (2023).

	34.	 Anumanchipalli, G. K., Chartier, J. & Chang, E. F. Speech synthesis from neural decoding of spoken sentences. Nature 568, 493–
498 (2019).

	35.	 Rubin, D. B. et al. Learned motor patterns are replayed in human motor cortex during sleep. J. Neurosci. 42, 5007–5020 (2022).

Acknowledgements
The authors thank the participant of this study, and her family and caregiver team, whose courage, dedication, 
insights, and hospitality made this research possible. Thanks to Dr. Joram van Rheede for useful discussions 
about 24/7 neural signals, and to Dr. Mathijs Raemaekers for statistical advice.

Author contributions
EJA, NEC, TD, NFR and MJV contributed to conception and design of the study, SL, EJA, MPB, ZVF, SGH, AS, 
MSWV, MvdB, BvdV, NEC, TD, NFR and MJV contributed to acquisition, analysis and/or interpretation of data, 
SL, EJA, MPB, NFR and MJV contributed to drafting a significant portion of the manuscript or figures.

Funding
The study is supported by the European Research Council (ERC-Advanced project iConnect, ADV 320708), 
Dutch Technology Foundation STW (grant UGT7685), National Institute on Deafness and Other Communica-
tion Disorders (U01DC016686) and National Institute of Neurological Disorders and Stroke (UH3NS114439) 
of the US National Institutes of Health. Implanted components for the UNP study were an in-kind contribution 
by Medtronic for research use only.

Declarations

Competing interests
Timothy Denison is a shareholder in Amber Therapeutics, board member at ONWARD, advisory board 
member and consultant with Cortec Neuro, and consultant with Synchron. Nick F. Ramsey was consultant for 
the Wyss Center (Geneva). Mariska J. Vansteensel was consultant for GA Capital and former board member 
ofthe International BCI Society.

Additional information
Supplementary Information The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​1​0​3​8​/​s​4​1​5​9​8​-​0​2​6​-​4​4​2​2​8​-​7​​​​​.​​

Correspondence and requests for materials should be addressed to M.J.V.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give 
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and 
indicate if changes were made. The images or other third party material in this article are included in the article’s 
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2026 

Scientific Reports |        (2026) 16:14001 10| https://doi.org/10.1038/s41598-026-44228-7

www.nature.com/scientificreports/

https://doi.org/10.1016/j.sleep.2023.04.014
https://doi.org/10.1038/s41598-026-44228-7
https://doi.org/10.1038/s41598-026-44228-7
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Implanted brain-computer interface functionality during nighttime in late-stage amyotrophic lateral sclerosis
	﻿Methods
	﻿Protocol approval, registration, and consent
	﻿Participant information
	﻿Data acquisition
	﻿Data selection procedure
	﻿Data pre-processing pipeline
	﻿Data analysis: comparing day and night ECoG signals
	﻿Data analysis: performance of daytime BCI decoder at night
	﻿Nightmode functionality development
	﻿Data collection
	﻿Nightmode functionality solution
	﻿Nightmode user interface


	﻿Data analysis: nightmode performance
	﻿Results
	﻿Comparing day and night ECoG signals
	﻿Performance of daytime BCI decoder at night
	﻿Nightmode functionality and performance
	﻿Nightmode parameters
	﻿Nightmode use and performance


	﻿Discussion
	﻿References


