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Abstract

Time series (TS) analysis is an active application area for Ar-
tificial Intelligence (AI) methods where the objective is to an-
alyze numeric quantities indexed by time for tasks like classi-
fication, forecasting, and abnormality detection. In health, TS
manifests as biosignals like the electroencephalogram (EEG),
where electrical signals from the brain are analyzed. AI and
health communities can tremendously benefit each other in
TS, with the former offering advanced analytical methods
while the latter provides complex data sets and trust-sensitive
use cases. But the communities also need to overcome con-
fusing terminologies, hidden assumptions, and a lack of nec-
essary domain contexts for result evaluation and interpre-
tation. In this paper, we attempt to bridge the gap using
the problem of channel selection in EEG. We outline chal-
lenges in working with EEG data, demonstrate via two ex-
periments how simple explainable AI (XAI) methods can
be quite effective for channel selection irrespective of EEG
tasks/paradigms, and argue that recent TS trends in AI, like
LLMs and XAI methods, can benefit health as well. We hope
that this work will bring researchers working on TS problems
at the intersection of AI and health closer to work in AI trust-
worthiness so that they can better leverage results from their
respective areas to overcome common challenges. All code
and resources are released on GitHub to help others replicate.

Code — https://github.com/vsrivas/XAI-EEG-Analysis

Introduction
In time series (TS) analysis, the objective is to analyze nu-
meric quantities indexed by time for tasks like classification,
forecasting, and abnormality detection (Hamilton 1994). TS
is an active application area for Artificial Intelligence (AI)
methods and has wide real-world potential in domains as di-
verse as finance, power, water, weather, and health. In health,
biosignals, such as the electroencephalogram (EEG), are an
example of TS, where electrical signals from the brain are
analyzed. Biosignals are distinguished by having multiple
channels (variables) capturing the same phenomenon simul-
taneously but from different biological regions. Although
the data volume may be large, it is often characterized by
missing values, redundant data, non-linear dependencies,
and requires high computing resources to process.
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Researchers in TS today are exploring new methods like
deep learning (Elsayed et al. 2021) and Large Language
Models (LLMs) (Zhang et al. 2024) for improving perfor-
mance and explainability (XAI) (Rojat et al. 2021) to help
users understand AI output and gain their trust for wider-
scale adoption. AI and health communities can benefit each
other tremendously in TS, with the former offering advanced
analytical methods while the latter providing complex data
sets and use cases. Furthermore, to build user trust with their
models, they need to employ AI trustworthiness techniques
like explainability. But the communities also need to over-
come confusing terminologies, hidden assumptions, and a
lack of necessary domain contexts for result evaluation and
interpretation.

In this paper, we attempt to bridge the gaps using the
problem of channel selection in EEG. Channel selection
helps answer whether all the channels, interpreted as fea-
tures, should be analyzed or some can be dropped and thus,
data reduced with minimal loss of accuracy for increased
analysis efficiency. We outline challenges in working with
this data modality and tackle two binary classification prob-
lems: resting state in LEMON (Babayan, Erbey, and Kumral
2019) and mental arithmetic in EEGMAT(Zyma et al. 2019).
Seen together, we demonstrate a drastic reduction in chan-
nels needed (only 3 needed v/s all; ≥ 85%) while retaining
performance (≥ 91%) measured on two metrics, AUC and
accuracy, while saving over 74% processing time. We re-
lease all code and resources on GitHub to help others repli-
cate. Building on the case study, we outline how general TS
trends can benefit health if the latter were to adopt recent
LLMs and XAI trends. Furthermore, EEG data is more com-
plex than normal TS data used by AI and XAI researchers
in TS. Hence, adopting EEG for AI research and evaluation
will generalize their methods for even wider applications.
We, thus, hope that this paper will bring researchers work-
ing on TS problems at the intersection of AI, XAI, and health
to better leverage results from their respective areas to over-
come common challenges.

In the rest of the paper, we start with preliminaries and
related work, followed by describing two EEG datasets and
how we performed a classification task using four methods.
We demonstrate how to use both whitebox (also called glass-
box) and blackbox XAI methods to select very few chan-
nels without compromising performance. Finally, we dis-
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cuss how new emerging methods may be used and conclude.

Background and Related Work
In this section, we provide necessary background and dis-
cuss related prior work in the areas of time series, bio-signals
and explainability.

Analyzing Time Series
Let a time-series be represented by {xt−n+1, xt−n+2, ....,
xt, xt+1, ..., xt+d}, where each xt−n+i represents a numeric
quantity, like voltage or stock price, t represents time instant
of interest and n and d are parameters. n is called the slid-
ing window size. If instead of a single variable (quantity) x
we have a set of two or more inter-related variables X , this
becomes a multivariate TS data (Mendis, Wickramasinghe,
and Marasinghe 2024). We now describe two prominent TS
tasks - forecasting and classification; see a more comprehen-
sive discussion on TS in (Hamilton 1994) and on tasks in
(Shyalika, Wickramarachchi, and Sheth 2024; Zhang et al.
2024).

For forecasting TS task, d is the number of future quan-
tities a (learning) model predicts. In this sequence, let Xt

= {xt−n+1, xt−n+2, ...., xt}, and let Ŷt = {xt+1, xt+2, ....,
xt+d}, where Ŷt = f(Xt) i.e., based on the quantity’s value
at previous n timesteps, let the function f represent the pre-
dicted value for the next d timesteps. Let Yt denote the true
quantity values for the next d timesteps. Examples of rep-
resentative works in TS forecasting are (Muppasani et al.
2022; Lakkaraju et al. 2024; Mendis, Wickramasinghe, and
Marasinghe 2024).

As a classification TS problem, we are given a schema F
consisting of a list of features F = {f1, .. ,fm} that a sen-
sor is able to capture. They are also called columns in the
data. Adopting the notations of (Goodfellow, Bengio, and
Courville 2016) for a classification problem, x ∈ Rn can
be seen as a collection of observations. Each observation,
or row in the data, has a structure consistent with F . The
classification or state identification problem is to produce a
function f : Rn → {1, ..., k}. When s = f(x), the state cor-
responding to x is a number capturing the category assigned
to the observation. Examples of representative works in TS
classification are (Muppasani et al. 2024).

There are many methods proposed for addressing TS
tasks, including rule-based, classical machine learning based
and ensemble-based (Elsayed et al. 2021). Although deep
learning based (Wen et al. 2022; Mendis, Wickramasinghe,
and Marasinghe 2024) and LLM-based (Zhang et al. 2024)
methods are the latest rage, classical machine learning meth-
ods, especially ensemble-based, have still been found quite
competitive in many settings (Elsayed et al. 2021).

Analyzing Biosignals
Biosignals are physiological signals generated by living be-
ings that can be measured continuously in time(Fuentes-
Aguilar, Pérez-Espinosa, and de-la Cruz 2022). They can be
electrical (like Electroencephalogram: EEG and Electrocar-
diogram: ECG) and non-electrical (like Magnetoencephalo-
gram: MEG). Biosignals provide valuable information about

Figure 1: EEG recording setup: Capturing neural activity via
scalp electrodes and recording through channels using a dif-
ferential amplifier.

the different physiological processes taking place inside the
body. AI has played an important role in identifying hidden
patterns and markers from these signals, which was not pos-
sible for the clinicians to do with the naked eye (Dukyong
et al. 2020). In this paper, we will discuss the EEG biosig-
nal as an exemplary use case for the application of XAI on
time-series data.

EEG as a time series. EEG is a biosignal to capture elec-
trical activity inside the brain. Tiny electrodes, attached to a
wire, are placed on the scalp at special positions. The elec-
trodes detect small charges generated by neuronal activity
in the brain and record them when presented with a spe-
cific cognitive activity (tasks or events). EEG systems use
a differential amplifier to produce each channel or trace of
activity at a spatial region (Nagel 2019; Smith 2024)

The names of EEG channels are based on their place-
ment on the head (like F for frontal, C for central, T
for temporal, etc.) and channel number (even numbers for
right hemisphere location and odd numbers for left brain
hemisphere). The commonly used international standard for
channel placement is called 10-20 system (W. 2009).

EEG is either carried out to study neurological condition-
s/diseases or to study the brain response for specific tasks.
If a set of multiple tasks is created and a participant has
to switch between these tasks in a systematic way then it
is called a ”paradigm” (I et al. 2010). For example, men-
tal math and digit-span are tasks, and oddball experiment
is a paradigm (I et al. 2010). EEG signals are generated
using multiple channels ranging from 16 (minimum num-
ber according to American Clinical Neurophysiology So-
ciety guidelines (SR et al. 2016)) to 128 (high resolution
for complex analysis), each channel being one time-series.
Hence, the complexity of EEG data increases with an in-
crease in channels, making channel selection an important
aspect of EEG analysis. Also, there are some other proper-
ties of EEG that make its analysis very challenging, such
as non-stationary and noisy signals, nonlinearity, and high
inter-subject variability.
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Explanation Methods

AI methods, especially those based on learning, deep learn-
ing, and LLMs, face a major challenge in proving their trust-
worthiness regardless of the mode in which they take in-
put - numeric, timeseries, textual, audio, visual, or multi-
modal. They are notorious for their fragility (lack of robust-
ness) and other characteristics (e.g., opaqueness, alignment
to human values) that go beyond performance to contribute
to users’ trust of technology(Varshney 2022). For example,
small variations in the inputs to a Machine Learning (ML)
model may result in drastic swings in its output. This un-
certainty about robustness is amplified by the lack of in-
terpretability of many ML models due to their black-box
nature (Longo et al. 2020). As a result, such systems face
challenges in gaining acceptance and trust from end-users,
hampering their widespread adoption.

When such systems are deployed in critical areas like
healthcare (Asan, Bayrak, and Choudhury 2020) and finance
(Boukherouaa et al. 2021), the consequences of their un-
certain behavior could cause critical failures. Some promis-
ing ideas to manage user trust in time series are to (1) ex-
plain model behavior (also called XAI methods) (Rojat et al.
2021; Nori et al. 2023) and (2) communicate the behavior of
AI systems through ratings that are assigned after assessing
AI systems from a third-party perspective (without access to
the system’s training data). The rating methods (Lakkaraju
et al. 2024; Srivastava and Rossi 2018, 2020; Srivastava et al.
2024; Lakkaraju, Srivastava, and Valtorta 2024) are particu-
larly valuable to users to make informed decisions when a
choice of AI models is available for a task to decide from.

Channel Selection

An illustrative and important problem in EEGs is channel
subselection, where one needs to decide if all the channels,
interpreted as features, should be analyzed or some can be
dropped, and thus, the data reduced with minimal loss of
accuracy and increased analysis efficiency. The advantages
of selecting a lower number of channels are that it can lead to
lower power requirements and a lower chance of overfitting
(Yulan and Wenshan 2024).

For biosignals like EEGs, researchers have started to look
at XAI methods (Apicella et al. 2022). For channel selec-
tion, (Choel-Hui et al. 2025) discusses variants of LIME and
SHapley additive exPlanation (SHAP) explainability meth-
ods. In this paper, we look at whitebox and blackbox XAI
methods as available in the InterpretML tool(Nori et al.
2023). In (Yulan and Wenshan 2024), the authors discuss
channel selection in the context of EEG and epilepsy classi-
fication. They use the CHB-MIT dataset, LSTM for channel
selection, and SHapley additive exPlanation (SHAP). The
paper also gives good motivations and background details.
In (Ahmad et al. 2024), authors consider EEG for epilepsy
classification, but do not focus on channel selection. They
consider Bonn and UCI-EEG datasets datasets Bagged Tree-
based classifier (BTBC), and SHapley Additive exPlanation
(SHAP) for explanations.

A Case Study in Choosing and Explaining
Selection of EEG Channels

We wanted to explore the following questions:

1. Can XAI methods help in deciding and selecting a min-
imum number of channels needed to get a (reasonably)
high performance for an EEG task?

2. Are the selected channels physiologically relevant in the
context of the EEG task?

We will use two publicly available EEG datasets,
LEMON (Babayan, Erbey, and Kumral 2019) and EEGMAT
(Zyma et al. 2019) from physionet (Goldberger et al. 2000).

Dataset 1: LEMON
In the LEMON dataset, we chose the preprocessed EEG data
of 39 participants. Each preprocessed .tar.gz EEG file was
approximately 55 MB. The 62-channel EEG (61 scalp elec-
trodes) of duration 16 min was recorded at rest at a sam-
pling rate of 2500Hz. The EEG session had 16 events, 8 eyes
closed (EC) and 8 eyes-open(EO), each 60 seconds long.
The EO and EC events took place alternatively, with record-
ing starting at the eyes-closed condition. During the EO ses-
sion, the participants were seated in front of a computer
screen and asked to stay awake with their eyes focused on
a black cross displayed on a white background. During pre-
processing, the EEG data were downsampled from 2500Hz
to 250Hz, bandpass filtered within 1-45Hz (8th order, But-
terworth filter), and split into EO and EC conditions for fur-
ther analyses. The final dataframe for modeling had dimen-
sion (9,151,114 x 39) with 4,539,017 instances for ’EO’ and
4,612,097 for ’EC.’

We call the machine learning task here as of classifying
for resting states with labels of EO and EC. We read the
EEG data for both EO and EC events and found that there
were only 38 channels (CP2, C5, FC6, Oz, F6, CPz, PO4, Pz,
FT7, C2, O2, PO8, P5, F4, AF4, C3, P1, F1, C4, P8, PO3,
FC3, AFz, FC5, P4, CP4, F2, TP8, CP1, POz, P6, P2, F3,
P3, AF3, FC4, CP5, CP3) that were common in all the sub-
jects. We combined the data for all 39 participants to create
a time-series binary classification problem with channels as
‘features’ and condition ‘EO’ and ‘EC’ as two target labels.

Dataset 2: EEGMAT
The EEGMAT dataset (Zyma et al. 2019) contains EEG
recordings of 36 participants before and during mental arith-
metic tasks. The 23-channel EEG recordings, sampled at
500Hz, were preprocessed using a high-pass filter with a
30Hz cut-off frequency and Independent Component Analy-
sis (ICA) for removing artifacts. All recordings were 60 sec-
onds long in separate EEG files with code ’1’ or ’2’; 1 for
recording before the mental math task and 2 for recording
during the mental math task. Each .edf recording for state
’1’ was 3.7 MB, and ’2’ was 1.3 MB.

We call the machine learning task here as of classifying
for mental arithmetic activity with labels of 1 and 2. We
merged the two recordings for all subjects based on the 20
common channels (T3, T5, O1, Cz, C4, Pz, T4, Fp2, F8, F7,
O2, A2-A1, P3, P4, F4, Fz, C3, T6, F3, Fp1) with labels
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Figure 2: Feature importance summary for Glassbox Explainable Boosting Method for LEMON data

”1” or ”2”. The final dataframe for modeling had dimen-
sion (4,338,000 x 21) with 3,222,000 instances for ’1’ and
1,116,000 for ’2.’

Methods
For both binary classification problems (resting state in
LEMON and mental arithmetic in EEMGMAT), the chan-
nel data were used as input features and state ‘EO’/‘EC’ and
’1’/’2’ as target labels. We used the mne python package to
read the data and convert it to a pandas dataframe. We did
not consider ”time” or subject id ”sub” as an input feature
to the model. We used high-performance computing (HPC)
clusters during model creation.

We created explainable classification models (Glassbox-
Explainable Boosting Method (EBM), Logistic Regression,
and Decision Tree) for both data using the package inter-
pretML to predict the EEG labels. InterpretML is an open-
source python toolkit for developing explainable models.
For comparison, we also used the Blackbox Logistic Regres-
sion method.

First, we developed prediction models using ALL the
channels as input and computed the ROC AUC score/accu-
racy for each model (see Table 1). We observed that EBM
had the highest AUC score among all the methods. The fea-
ture importance summary of EBM showed that the top three
channels that contributed most to the model prediction in
LEMON data were PO3, PO8, and P6 (Figure 2), and in
EEGMAT were FP1, FP7&FP1, FP3&FP1 (Figure 3). We
repeated the model creation process using the top 3 chan-
nels (PO3, PO8, and P6 for LEMON and FP1, FP7, FP3 for
EEGMAT) and the top channel (PO3 and FP1 for LEMON
and EEGMAT, respectively). The model performances are
given in Table 1.

For modeling, we used 70% of the data for training and
30% for testing. The raw channel values were used as in-
put, and we did not create any new features. The models
were created using their default configuration and without
any hyperparameter tuning in any of the classification meth-

ods, as our goal was not to find the most efficient model but
to see the impact of reducing channels identified by explain-
able methods.

Results
We first created a model using ALL channels. The top-3
channels are identified by the feature importance summary
(FIS) chart and feature importance value (FIV). The FIS
chart displays ”which” features have a significant impact on
the target label, and FIV determines ”how” much the impact
is on the target label. We will refer to the blackbox Logistic
Regression method as BLR, explainable Logistic Regression
as ELR, and explainable Decision Tree as EDT in the fol-
lowing section. We compared both AUC score and accuracy
for models in case 2 (”Top-3”) and case 3 (”Top-1”) with
case 1 (”All”) by dividing the case 2 and case 3 values from
case 1 values and reporting the result as %.

Resting State Classification - LEMON Dataset
1. Case 1 (”All”): In the first round, we created models us-

ing all the channels. The AUC scores were between .497
- .695, the lowest .497 for both BLR and ELR methods,
and highest for EBM (.695). Hence, we chose EBM to
identify the top-3 channels. (Figure 2) using FIS and FIV.

2. Case 2 (”Top-3”): The top-3 channels (or features) by
EBM using FIS were found to be PO3 (.503), PO8 (.417),
and P6 (.292). The FIV values are in brackets. We created
four models again, now using just the top-3 channels. We
observed that the new AUC scores were .493 for both
BLR and ELR, which was 99.1% of the original AUC
score with all channels. Similarly, the new AUC score for
EBM was 94.5% and for EDT was 100% of case 1. Also,
the accuracy values for models with top-3 channels were
100% for ELR and EDT, 96.8% for EBM, and 128% for
BLR.(Figure 2)

3. Case 3 (”Top-1”): With PO3 as the only channel, the
AUC score and accuracy of EBM reduced to 85.6% and
89%, respectively in comparison to case 1. The AUC
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Figure 3: Feature importance summary for Glassbox Explainable Boosting Method for EEGMAT data

score for ELR and BLR was 99.6% and 100%, respec-
tively, of case 1, and the accuracy was equal to case 1.
The AUC and accuracy of EDT were found to be 98.4%
and 98.3%, respectively, in comparison to case 1.

Mental Arithmetic Classification - EEGMAT Dataset
1. Case 1 (’All’): In first round, we created models using

all the channels. The AUC scores were between .500 -
.664, the lowest .500 for both BLR and ELR methods
and highest for EBM (.664). Hence we chose EBM to
identify the top-3 channels. (Figure 2) using FIS and FIV.

2. Case 2 (’Top-3’): The top-3 channels (or features) by
EBM using FIS were found to be FP1 (.175), F7&FP1
(.126), and F3&FP1 (.107). The FIV values are in brack-
ets. The new models were created using the top-3 chan-
nels as FP1, F7, and F3. We observed that the new AUC
scores were .499 for both BLR and ELR, which was
99.8% of the original AUC score with all channels. Sim-
ilarly, the new AUC score for EBM was 91.4% and for
EDT was 98.7% for case 1. The accuracy values for mod-
els with top-3 channels were 100% in case 1 for all the
models.(Figure 2)

3. Case 3 (’Top-1’): With FP1 as the only channel, the AUC
score and accuracy of EBM reduced to 83.1% and 98.6%,
respectively, in comparison to case 1. The AUC score for
both ELR and BLR was 99.6% for case 1, and the ac-
curacy was equal to case 1. The AUC and accuracy of
EDT were found to be 97.9% and 100%, respectively, in
comparison to case 1.

Summary
Reviewing the results in Table 1, we find that three chan-
nels are usually sufficient to achieve classification results
comparable to those with all the channels when measured
with accuracy and AUC. In both datasets, three channels led
to the best performance (≥100% accuracy) except for EBM,
and on AUC, the performance was ≥ 91% of that with all
channels.

When we compared the running time of the programs for
the above three cases (Table 2), we found that the running
time for all models on LEMON dataset with all channels

was 230 mins, with three channels was 18.95 mins and 10.79
mins with one channel representing at most 8.2% (≈ 92% re-
duction) and 4.7% (≈ 95% reduction) of time off all-channel
results, respectively. For the EEGMAT dataset, it took 56.41
minutes to run the program with all channels in compari-
son to 14.81 min (74% reduction) with three channels, and
8 minutes (92% reduction) with one channel. The programs
were run on High Performance computing clusters (HPC)
with a single node of 24 cores and 24gb memory per CPU.

We thus see that XAI methods can be used to make EEG
processing more efficient. Furthermore, emerging trends in
AI and XAI, discussed next, have the potential to transform
EEG processing drastically if they could be easily applied.

Discussion: Leveraging Synergies
We now discuss areas of synergy between AI trends in TS
and biosignal analysis in health.
Complex Data Despite being a time-series data, EEG sig-
nals differ from regular time-series like weather or stock
prices, in many ways. These differences arise from the fol-
lowing properties of EEG (Roy et al. 2019):
• Noisy: EEG signals contain a lot of noise due to heart-

beat, sweat, head movement, jaw clinching, eye move-
ment, etc.

• Non-stationary: EEG signals are non-stationary, so their
statistical properties change over time. Classifiers trained
on a certain duration of data may perform poorly on data
at a different time interval.

• High inter-subject variability: The two EEG signals from
two different individuals are distinct due to physiologi-
cal differences between individuals. This leads to poor
performance when generalizing the models.

• Volume conduction: Due to the electrical conduction
spread, more than one channel could pick up the signal
from the same area of the brain.

• Multivariate time-series: Each channel generates a time-
series for a different brain region, generating a multivari-
ate dataset.

• Multi-frequency signal: Brain activity consists of fre-
quencies of different ranges for different brain functions.
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All Top-3 Top-1

LEMON dataset AUC Acc. AUC Acc. AUC Acc.
Blackbox Logistic Regression .497 .50 .493 (99.1) .64 (128) .497 (100) .50 (100)
Glassbox Explainable Boosting .695 .64 .657 (94.5) .62 (96.8) .595 (85.6) .57 (89)
Glassbox Logistic Regression .497 .50 .493 (99.1) .50 (100) .495 (99.6) .50 (100)
Glassbox Decision Tree .583 .58 .586 (100) .58 (100) .574 (98.4) .57 (98.3)
EEGMAT dataset AUC Acc. AUC Acc. AUC Acc.
Blackbox Logistic Regression .500 .74 .499 (99.8) .74 (100) .498 (99.6) .74 (100)
Glassbox Explainable Boosting .664 .75 .607 (91.4) .75 (100) .552 (83.1) .74 (98.6)
Glassbox Logistic Regression .500 .74 .499 (99.8) .74 (100) .498 (99.6) .74 (100)
Glassbox Decision Tree .543 .74 .536 (98.7) .74 (100) .532 (97.9) .74 (100)

Table 1: Summary of results on two datasets. Numbers in brackets represent the value as a percentage compared to the corre-
sponding value in the All-channels results. Results of 100% or more are highlighted. Note that the accuracy of the 3-channel
result for logistic regression on LEMON is higher than for All-channels.

All Top-3 Top-1

LEMON dataset 230.24 (100) 18.95 (8.2) 10.79 (4.7)
EEGMAT dataset 56.41 (100) 14.81 (26.3) 4.54 (8.0)

Table 2: Summary of the time taken (in minutes) to run the program with All, Top-5, and Top-1 channels in two datasets. In the
LEMON dataset, All takes more than 3 hours (180 mins). Numbers in brackets represent the value as a percentage compared to
the corresponding value in the All-channels results. Results for 3 channels are highlighted.

They range from delta (0 - 4Hz during sleep) to gamma
(>32Hz for high cognitive activity) and alpha, beta, theta
in between (M et al. 2017).

Our results show that a reduction in the number of chan-
nels for both LEMON (from 38 to 3; 92% fewer chan-
nels) and EEGMAT (from 21 to 3; 86% fewer channels) did
not impact the performance of the models significantly. The
models with only 3 channels that were identified by the XAI
method could capture more than 90% of the AUC and accu-
racy scored by models with all the channels.

Also, the top-3 channels recognized by the XAI method
for the LEMON dataset were PO3, PO8, and P6, which were
tracing activity from the parietal-occipital (PO) and parietal
(P) region of the brain. The PO/P region is responsible for vi-
sual and spatial processing (Baker et al. 1996), which is very
relevant in the context of eyes-open (EO) and eyes-closed
(EC) tasks.

In the EEGMAT dataset, the task involved mental math,
and the top-3 channels identified were FP1, F3, and F7, all
representing the frontal lobe region. This region is responsi-
ble for executive functions like attention, problem-solving,
and judgement (Scott and Schoenberg 2011); all required
for a mental math task. The channels identified by XAI are
also very appropriate for the dataset.

We saw that XAI methods were able to correctly recog-
nize the channels based on the datasets and task. This es-
tablishes that XAI can play an important role in analyzing
EEG. With this case study, we could see that:

• XAI methods can be used successfully for channel selec-
tion.

• XAI methods can correctly identify the channels that

have physiological relevance in the context of the EEG
task.

Deep Learning, LLMs and Compact Models
A growing body of research in TS is on using deep-learning
models and LLMs for TS tasks (Miller et al. 2024). Here,
one line of work is exploring different deep learning models
like Long-short Term Model (LSTM) using the numeric data
or transforming the data into other formats (e.g., images) and
exploring Convolutional Neural Networks (CNNs) (Zeng
et al. 2023a). A second line of work is exploring the ap-
plication of pre-trained LLMs to the tasks (Jia et al. 2024)
where the training data may be general-purpose or time-
based, as well as fine-tuning them. A third and more re-
cent line of work is designing language models from scratch,
attempting to reduce model size without sacrificing perfor-
mance(Ekambaram et al. 2024).

These trends are slowly being adopted in the analysis of
biosignals as well. However, the standard benchmarks used
in TS papers still do not use EEG or other biosignal datasets
(Ekambaram et al. 2024; Zeng et al. 2023b; Jia et al. 2024).
We hope that this paper will help AI researchers working in
TS and XAI in adopting biosignal/EEG data for developing
and evaluating their methods.
Explainable AI
XAI is undergoing a period of rethink on how it should be
positioned with respect to end users. Although XAI meth-
ods have been around, as discussed earlier (Ali et al. 2023),
their adoption is mostly high among model developers and
not end users. As a result, it has been recently argued that
the traditional role of XAI, where it recommends a human
to accept or reject AI’s output, is outdated since this ignores
humans’ cognitive processes in making a decision after con-
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sidering all aspects of a decision(Miller 2023). Instead, in a
new proposed framework called Evaluative AI, XAI meth-
ods are positioned in a machine-in-the-loop setup to provide
evidence for and against decisions to be made by a user.

We envisage such a role shift to happen especially in the
context of EEG, since it deals with personal end-user health
and well-being, which both patients and providers have high
stakes in, not just AI developers. Furthermore, EEG data is
more complex than normal TS data, making the need for
explainability even more important.

Conclusion
AI and health communities can tremendously benefit each
other in TS, with the former offering advanced analytical
methods while the latter provides complex data sets and
trust-sensitive use cases. But the communities also need to
overcome confusing terminologies, hidden assumptions, and
a lack of necessary domain contexts for result evaluation and
interpretation. In this paper, we attempted to bridge their
gaps using the problem of channel selection in EEG. We
outlined challenges in working with EEG data, showed how
general TS trends can benefit health, like using LLMs and
XAI methods, and demonstrated via two experiments how
simple XAI methods can be quite effective for channel selec-
tion. We hope that this work will bring researchers working
on TS problems at the intersection of AI and health to bet-
ter leverage results from their respective areas to overcome
common challenges.

References
Ahmad, I.; Yao, C.; Li, L.; Chen, Y.; Liu, Z.; Ullah, I.;
Shabaz, M.; Wang, X.; Huang, K.; Li, G.; Zhao, G.; Samuel,
O. W.; and Chen, S. 2024. An efficient feature selection and
explainable classification method for EEG-based epileptic
seizure detection. Journal of Information Security and Ap-
plications, 80: 103654.
Ali, S.; Abuhmed, T.; El-Sappagh, S.; Muhammad, K.;
Alonso-Moral, J. M.; Confalonieri, R.; Guidotti, R.; Del Ser,
J.; Dı́az-Rodrı́guez, N.; and Herrera, F. 2023. Explainable
Artificial Intelligence (XAI): What we know and what is left
to attain Trustworthy Artificial Intelligence. Information Fu-
sion, 99: 101805.
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