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ABSTRACT: Brain–computer interfaces (BCIs) enable 

paralyzed individuals to control external devices using 

brain signals. For training decoders, trial-to-trial 

variability in response time may obscure meaningful 

task‑related neural activity. We introduce the TRial 

sElection and AlignmenT (TREAT) toolbox to provide 

an automated neural event onset detection method that 

supports both trial selection and event alignment, based 

on the slope of the neural response (neural slope marker, 

NSM). We validated TREAT using high‑density 

electrocorticography recordings from three able‑bodied 

individuals performing a speech task. We extracted high-

frequency and alpha band power and compared the NSM 

to the voice onset times. For two of the three participants, 

the neural slope markers preceded voice onset by 0.4 

seconds. Trial selection improved the precision of neural 

onset estimates across trials as the spread of NSM timing 

compared to voice onset time decreased. TREAT offers 

event-detection in the absence of behavioral markers and 

may thereby improve interpretation of neural activity and 

training of BCI decoding models.  

 

INTRODUCTION 

 
Brain–computer interfaces (BCIs) enable individuals 

with paralysis to control external devices for 

communication or environmental control, without 

requiring any muscle output [1]. Variability in task 

responses due to missed trials and variable reaction times 

can obscure meaningful task‑related neural activity, 

particularly when signals are averaged across trials [2].  

Time-locking neural activity to behavioral markers 

(obtained for example with a data glove or microphone) 

typically mitigates this variability [3], [4], [5]. However, 

behavioral markers are unavailable for individuals who 

cannot move or speak; individuals who may particularly 

benefit from a BCI. On top of that, the absence of 

movement‑related sensory feedback in this population 

can itself introduce variability in task responses, which 

may be further increased by disease‑related factors such 

as reduced attention, as observed for example in 

amyotrophic lateral sclerosis (ALS) [6]. These 

limitations underscore the need for signal-curation 

methods for trial selection/rejection and response 

alignment that do not depend on behavioral markers but 

rely solely on neural data. Others previously presented 

trial selection based on both the trial’s contribution to 

classification accuracy and templates of independent 

components reflecting expected motor-related power 

changes in the neural signal [7]. Here we propose to 

accomplish trial selection by thresholding the change in 

signal amplitude after the cue relative to a baseline 

period. In addition, previously proposed alignment 

methods relied either on the peak [2] or the shape [8] of 

the neural response. To most accurately capture 

movement onset and maximize the contrast between 

movement and rest, we previously proposed alignment 

based on the increase in neural activity, more specifically 

the slope of the response [3]. We extend this approach by 

developing a toolbox that integrates both trial selection 

and alignment without the need for behavioral markers.  

Here, we introduce the TRial sElection and AlignmenT 

(TREAT) toolbox: a user‑friendly automated neural 

event onset detection method for signals acquired with 

electrocorticography (ECoG) and 

electroencephalography (EEG). This toolbox facilitates 

offline analysis of unlabeled datasets, supporting both 

trial selection and trial alignment based on neural 

Figure 1: Graphical user interface of the TREAT 

toolbox. 
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features. We validated this approach in a high‑density 

ECoG dataset from three able‑bodied individuals 

performing a speech task, by comparing alignment with 

TREAT to alignment with a behavioral marker: the voice 

onset time (VOT). 

 

MATERIALS AND METHODS 

 

     The TREAT toolbox: The toolbox consists of a 

graphical user interface developed in MATLAB 2025b 

(The MathWorks, Natick, USA) (Fig. 1). The interface 

allows the user to input raw data with .dat (BCI2000 [9]), 

.nev/.nsx (Blackrock Neurotech, Salt Lake City, USA) or 

.trc files (Micromed, Treviso, Italy) formats. The toolbox 

preprocesses the data, segments it into trials and performs 

trial selection (optional) and trial alignment (see Fig. 2 

for an overview of this process). 

     Preprocessing: The user provides a selection of 

channels to be analyzed. This selection should exclude 

flat or noisy channels. Subsequently, the user can specify 

1) the center frequency of the line noise (50 or 60 Hz), 2) 

the feature of interest, high-frequency band (HFB; 65-95 

Hz), alpha band (8-12 Hz), beta band (13-30 Hz) or local 

motor potentials, as well as 3) the expected direction of 

the feature’s effect (e.g., an increase in HFB power as a 

positive effect, or a decrease in alpha band power as a 

negative effect). The toolbox then applies a common 

average reference filter to remove noise shared by all 

signals, a band-pass filter (0.15-120 Hz; 3rd order 

Butterworth), a notch filter at the indicated notch base 

frequency (4th order Butterworth), and down samples the 

data to 250 Hz. Spectral features are extracted using a 

Gabor wavelet dictionary, and the local-motor potentials 

are extracted by applying a 375ms causal moving 

average on the time-domain data [10].  

     Trial segmentation and channel selection: The user 

determines the event code that corresponds to the 

relevant stimulus being presented to the participant 

(active cue, Fig. 2), based on a figure that displays all 

event codes in the data. The user subsequently 

determines the trial length (TL). The toolbox then 

extracts active (0s to TL) and rest trials (-TL to 0s) 

centered around the active cues. To determine which 

channels are included in subsequent analysis, the signed 

R2 value is calculated for each channel by averaging the 

signal across time for all active and rest trials and 

regressing those values to a task-regressor (0 for rest and 

1 for active trials). Channels are included if the response 

is significant (p<0.05) and the sign of the R2 corresponds 

to the direction of the effect selected by the user (see 

Preprocessing). At least two channels should be included 

for method to proceed. The signal is then averaged over 

the significant channels and smoothed with a 0.2 second 

window.  

     Trial selection: This is an optional step in the toolbox. 

The user enters in the graphical user interface the 

percentage of trials (T%) to be included in further 

analysis. The selected trials correspond to the T% of trials 

with the largest ratio (𝑅𝑡, where t is a trial) of change in 

the feature of interest following the active cue (∆𝑦𝑡 =

𝑦𝑚𝑎𝑥 − 𝑦min in the time window 0.3 to 1.5 seconds) 

relative to the standard deviation of the rest period prior 

to the cue (𝜎𝑟𝑒𝑠𝑡,𝑡; -1.5 to -0.3 seconds) (Fig. 2A): 

 

𝑅𝑡 =  
∆𝑦𝑡

𝜎𝑟𝑒𝑠𝑡,𝑡
. (1) 

 

     Trial alignment: The alignment procedure builds on 

the method previously reported in [3] that uses the 

midpoint of the HFB increase as a marker for movement 

onset (Fig. 2B). In the current toolbox, this method is 

extended to other neural features as well. In short, per 

trial the method slides a line segment over the neural 

feature (averaged across significant channels) and 

determines the best fit by minimizing the distance 

between line and signal (Fig. 2B). It then uses the 

midpoint of the sliding line segment, hereafter referred to 

as the ‘neural slope marker’ (NSM), to align all trials 

(Fig. 2C). In the graphical user interface, the user chooses 

a time window after the active cue within which the NSM 

should be detected (Fig. 2B). To compute the slope of the 

line segment, TREAT first calculates the slope per trial 

(𝑚𝑡) by dividing the signal amplitude change in the 

feature of interest (∆𝑦𝑡) by the difference in the (time) 

samples corresponding to the minimum and maximum 

amplitude values (∆𝑛𝑡), which is then averaged across 

trials. 

Figure 2: Example output of the TREAT toolbox for 

one participant. A) Trial selection computes a ratio of 

the range of active period versus the standard deviation 

of ‘rest’ period data per trial. A chosen percentage of 

trials with highest values is selected. B) Trial alignment 

slides a line segment across trials to identify the 

minimum distance between the line and the signal. C) 

Trials are aligned to a reference trial (trial 1). 
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𝑚𝑡 =  
∆𝑦𝑡

∆𝑛𝑡
 (2) 

 

When sliding the line segment over the time window, the 

method computes for each time point the distance 

between all the unique y-values of the signal and the line 

segment that are smaller than a threshold (ε: 0.5 seconds). 

This threshold ensures that distant time points are not 

included (for details see [3]). Finally, the midpoint of the 

line segment corresponding to the minimum distance is 

used as the NSM (Figure 2B, red point), and each trial is 

shifted such that its NSM is aligned with the NSM of the 

first selected trial (reference trial; Fig. 2C). The toolbox 

displays several steps in the process, including the trial-

averaged signal, the best fit of the line segment in each 

trial and the distance between the two lines for each time 

point. 

    Validation data set: We validated the toolbox with a 

high-density ECoG dataset, of which the task was 

previously described in detail [4]. In short, three 

participants (P1: female, 36 years old; P2: female, 30 

years old; P3: male, 19 years old) implanted with clinical 

ECoG grids for epilepsy monitoring, had an additional 

high-density ECoG grid (3-4 mm inter-electrode 

distance, 1-1.17 mm exposed electrode diameter) 

implanted over the sensorimotor cortex for research 

purposes. Only the high-density data is considered for the 

current analysis. Four channels with flat or noisy signals 

were excluded from analysis for P3. Each participant 

performed 39 trials, in which they produced the /i/ vowel 

3-5 times. Voice onsets of the first vowel were 

determined with Praat software [11]. With the TREAT 

toolbox, we extracted the HFB and alpha band and 

compared the timing of the NSM to the timing of the 

voice onsets. We ran trial selection, including both 100% 

and 50% of the trials. To investigate potential temporal 

bias in the distribution of neural slope markers, we also 

investigated the distribution of NSM over time on the 

HFB trace of a baseline recording of participant P2 with 

randomly generated event codes (repeated 1000 times). 

To run the TREAT toolbox, we chose a trial length of TL 

= 3 seconds for all participants and frequency bands. The 

period to search for the NSM was selected per participant 

based on the timing of their neural responses (Tab. 1).  

 

Table 1: Time periods for sliding the line segment 

relative to the cue (in seconds) per participant and 

neural feature.  

Participant HFB Alpha band 

P1 0.3 - 1.8 0.1 - 2.0 

P2 0.1 - 1.8 0.1 - 2.5 

P3 0.1 - 1.8 0.1 - 2.2 

 

RESULTS 

 

Overall, neural responses to the task were strong for P1 

and P2, and less pronounced for P3, as can be seen by the 

high number of significant responding channels for HFB 

and alpha bands (Tab. 2). With TREAT we compared no 

trial rejection with 50% trial rejection. We noted that a 

50% trial rejection increased the signal amplitude change 

in the HFB by 12.00% for P1, 26.68% for P2 and 17.37% 

for P3, and in the LFB by 14.11% for P1, 42.51% for P2 

and 67.96% for P3.  

 

Table 2: Number of channels with significant positive (in 

case of the HFB) or negative (in case of the alpha band) 

R2 values (p<0.05) together with the number of channels 

included in the analysis. 

 

In addition, when using 50% trial selection, the cut-off 

ratio (see Fig. 2A for an illustration) was larger than 1 

for all participants and signal features, apart from the 

alpha band of P3 (Tab. 3). This indicates that for at least 

half of the trials, the change in HFB or alpha band 

power following the cue was larger than the standard 

deviation over the rest period. Selecting the 50% trials 

with ratios equal to or larger than the cut-off value 

resulted in more precise estimation of the NSM relative 

to VOT compared to including all trials, as reflected by 

the reduced spread around the means (Fig. 3).  

Table 3: Cut-off ratio for 50% trial selection.  

Participant HFB Alpha band 

P1 7.50 5.27 

P2 8.07 1.78 

P3 4.36 0.98 

 

Our results also show that the NSM occurred before 

voice onset time (VOT, Fig. 3) for all three participants. 

For the HFB, the average NSM across trials occurred 

0.450 seconds (± 0.229) prior to VOT for P1, 0.407 

seconds (±0.407) for P2 and 0.017 seconds (±0.711) for 

P3. For the alpha band, the average NSM across trials 

occurred 0.420 seconds (± 0.312) for P1, 0.528 seconds 

(±0.576) for P2 and 0.008 seconds (±0.801) for P3 prior 

to VOT. Repeatedly calculating the NSMs with 

randomly generated events over a baseline recording 

resulted in a bimodal distribution, with peaks at the 

beginning (0.3-0.4 seconds) and end (1.7-1.8 seconds) of 

the sliding window (Fig. 4A). In contrast, the NSMs 

acquired with the true events followed a single-peaked 

distribution (Fig. 4B). 

Participant HFB Alpha band 

P1 39/128 66/128 

P2 68/128 20/128 

P3 15/60 12/60 
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DISCUSSION   

 

Here we introduced the TREAT toolbox, which selects 

trials based on the magnitude of the neural response to a 

task, and aligns these responses using the slope of the 

neural response. We found that the neural onset preceded 

VOT. This is expected, as the neural response over the 

sensorimotor cortex initiates the muscle contractions 

necessary for voice onset to occur [12]. Our results show 

that NSM centered approximately 400 milliseconds prior 

to VOT for both the HFB and alpha band for two out of 

three participants. This value is in line with previous 

reports that show larynx movement 250 milliseconds 

before VOT when repeatedly producing the /a/ vowel, 

and identified magnetoencephalography activity at least 

125 milliseconds prior to movement onset [13], and 

others measuring EEG activity over the sensorimotor 

cortex 300 milliseconds prior to voice onset in picture 

naming tasks [12], [14]. Moreover, spoken phonemes 

have been shown possible to be decoded from a window 

500 milliseconds prior to VOT [5].  

Although our sample size is limited, our results indicate 

that the HFB may serve as a more precise movement-

onset marker than the alpha band, which agrees with the 

hypothesis that HFB power reflects neural population 

firing underneath the electrodes [15], [16], [17], [18]. 

The spread of NSM values relative to VOT was larger for 

P3 than P1 and P2, which indicates that identified NSM 

were less reliable for P3. This may be related to the 

relatively poor neural response of P3 compared to the 

other two participants, as reflected by the lower number 

of significantly responding channels and cut-off ratios for 

trial selection. Selection of 50% trials with the strongest 

response to the active cue reduced the spread of NSM 

values relative to VOT.  

Comparing with other alignment methods, aligning the 

slopes of the neural responses should increase both the 

signal amplitude and sharpen the onset in the average 

across trials, in contrast to aligning to the peak [2] or 

shape [8] of the responses, that increase the amplitude, 

but do not sharpen the signal onset per se.  
    Limitations and future directions: Running the toolbox 

through data with randomly generated event labels 

indicates that that the random detection of a NSM is more 

likely at the beginning and the end of the sliding window. 

This result is expected as at the edges of the sliding 

window the number of points to compute the difference 

between the line segment and the signal that falls under 

Figure 3: Neural slope marker (NSM) output relative to 

voice onset time (VOT). We ran the TREAT toolbox 

without trial selection (left column) and with 50% trial 

selection for both the high frequency band (A) and the 

alpha band (B). The dashed line indicates the mean 

value across trials; the dotted line indicates the standard 

deviation.  

Figure 4: A) TREAT toolbox output with randomly 

generated event times for the HFB of a baseline 

recording for P2. 1000 iterations resulted in 293 runs 

with at least 2 electrodes significantly responding to the 

task. B) Neural slope marker output for the HFB of P2. 

The dashed line indicates the median value.  
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the threshold of 0.5 seconds is smaller than in the middle 

of the sliding window. Secondly, the participants 

pronounced the /i/ vowel multiple times within each trial. 

If they returned their tongues to resting position in 

between repetitions, each articulation could constitute a 

distinct movement onset, each accompanied by its own 

peak in HFB power [4]. As a result, the TREAT toolbox 

may have detected movement onset not at the first vowel 

articulation, but later in the trial, if that articulation 

elicited a stronger increase in HFB power. More 

extensive comparisons to behavioral markers are 

required to further validate our approach, including 

different movements.  

Further optimization of the method will involve more 

stringent electrode selection, fixed line segment size 

across trials, and optimizing the various settings in the 

toolbox, such as the percentage of trials to include and 

signal smoothing, which may be particularly relevant for 

the HFB as that is an inherently noisy signal. In 

conclusion, the TREAT toolbox may serve as a versatile 

event-detection method when behavioral markers are 

absent, which may improve the interpretation of neural 

activity as well as the training of decoding models for 

BCIs.  
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