International Journal of Engineering Inventions
e-ISSN: 2278-7461, p-ISSN: 2319-6491
Volume 14, Issue 9 [September 2025] PP: 71-78

Intelligent EEG Signal Processing and Its Applications: A
Review

Hua Wang
School of Computer Science and Technology, Zhejiang University of Science and Technology, Hangzhou,
CHINA
Corresponding Author: Hua Wang

ABSTRACT: Electroencephalography (EEG) remains one of the most pivotal tools for non-invasively
monitoring brain activity, offering high temporal resolution crucial for understanding neural dynamics.
However, the inherent complexity, noise, and non-stationarity of EEG signals have long posed significant
challenges for traditional analysis methods. The recent integration of artificial intelligence (Al) and machine
learning (ML), particularly deep learning, has catalyzed a paradigm shift in EEG signal processing. This paper
comprehensively reviews the landscape of intelligent EEG signal processing. We begin by outlining the
fundamental challenges of EEG data. Subsequently, we delve into core Al-driven methodologies, encompassing
automated preprocessing and artifact removal, feature extraction using handcrafted and deep learning-based
techniques, and advanced classification models. Furthermore, we explore transformative applications across a
diverse spectrum of fields, including brain-computer interfaces (BCls) for communication and control,
automated neurological disease diagnosis, cognitive and emotional state monitoring, and neuroergonomics.
Finally, we discuss the prevailing challenges such as model interpretability and data scarcity, and suggest
future directions for the field, emphasizing the potential of explainable Al (XAI), cross-subject generalization,
and real-time embedded systems. The convergence of Al and EEG is unlocking unprecedented capabilities,
paving the way for a new era in neuroscience research and clinical practice.
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I. INTRODUCTION

Electroencephalography (EEG), since its discovery by Hans Berger in 1929, has established itself as a
fundamental tool for non-invasively monitoring brain electrical activity. Its millisecond-scale temporal
resolution provides an unparalleled window into the dynamic functioning of the human brain, making it
indispensable across a wide spectrum of fields, including clinical neurology[1], cognitive neuroscience[2],
brain-computer interfaces (BCIs)[3], and mental state monitoring[4].

Despite its unique advantages, the analysis of EEG signals is notoriously challenging. The signals are
characterized by low amplitude (microvolts), a low signal-to-noise ratio (SNR), and a high susceptibility to
various artifacts, such as ocular (EOG), muscle (EMG), and cardiac (ECG) interference[5]. Moreover, EEG
signals are non-stationary, meaning their statistical properties change over time due to factors like brain state
transitions and fatigue[6]. For decades, the conventional paradigm for EEG analysis has relied on a multi-stage
processing chain: preprocessing to remove artifacts, followed by manual feature extraction of handcrafted
features (e.g., band powers, wavelet coefficients, connectivity measures), and finally classification using
machine learning models like Support Vector Machines (SVM) or Linear Discriminant Analysis (LDA)[7].
However, this approach has significant limitations. The reliance on handcrafted features and expert knowledge
is not only time-consuming[8] and subjective[9][10], but also often insufficient for capturing the complex, non-
linear patterns inherent in EEG data[11][12]. The performance of these models is inherently bounded by the
quality and comprehensiveness of the human-designed features, which may miss subtle yet discriminative
information in the raw data[13].

The past decade has witnessed a paradigm shift driven by the rapid advancement of Artificial
Intelligence (Al), particularly Deep Learning (DL). DL models, with their powerful capacity for automatic
hierarchical feature learning[14][15], are uniquely suited to overcome the limitations of traditional methods.
These models can ingest high-dimensional, raw, or minimally processed EEG data and autonomously discover
optimal feature representations directly from the data, eliminating the need for manual feature
engineering[16][17]. Convolutional Neural Networks (CNNs) excel at capturing spatial and temporal
patterns[18], Recurrent Neural Networks (RNNs) like Long Short-Term Memory (LSTM) networks model
temporal dependencies[19], and hybrid architectures (e.g., CNN-LSTM) combine these strengths[20]. This
transformative capability has led to groundbreaking improvements in accuracy and robustness for a multitude of
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EEG-based applications[21][22].

This paper aims to provide a comprehensive review of this evolving landscape. We will delve into the
core intelligent methodologies that are redefining EEG signal processing, explore their transformative
applications across various domains, and discuss the prevailing challenges and promising future directions of
this rapidly advancing field.

II. Core Intelligent Methodologies in EEG Processing

The integration of artificial intelligence has fundamentally re-engineered the traditional EEG analysis
pipeline. While the stages of data acquisition, preprocessing, feature extraction, and model training/inference
remain, the execution of each stage has been transformed by data-driven learning paradigms[23]. This section
details how Al, particularly deep learning, is applied at each step to overcome the limitations of conventional
methods.

A critical conceptual leap in intelligent EEG processing is the move from a feature engineering
paradigm to a feature learning paradigm[24]. Traditional Machine Learning (ML) approaches, which include
methods like Support Vector Machines (SVM) and Random Forests applied to handcrafted features, form a
strong baseline and are still widely used, especially in scenarios with limited data[25]. In this approach, the
domain expert's role is paramount: they must design and select features (e.g., band powers from specific
channels, asymmetry ratios, graph-theoretic measures of connectivity) that are believed to be relevant to the
cognitive or clinical task[26]. The performance of the entire model is inherently capped by the quality and
completeness of these manually defined features.

Deep Learning (DL) instigates a paradigm shift by collapsing the feature extraction and classification
steps into a single, end-to-end learning process[27]. Instead of being fed predefined features, DL models, such
as Convolutional Neural Networks (CNNs), are presented with raw or minimally processed data (e.g., time-
series signals, time-frequency representations). Through multiple layers of non-linear processing, the network
learns a hierarchy of features automatically[28]. The initial layers might learn to detect simple patterns like
oscillations or edges in a spectrogram, while deeper layers combine these into more complex, abstract
representations that are highly optimized for the specific task[29]. This data-driven approach minimizes human
bias, can uncover novel, unanticipated features[30], and has consistently been shown to achieve superior
performance, particularly on large and complex datasets[31].

2.1 Automated Preprocessing and Artifact Removal

The first and most crucial step in the pipeline is the cleansing of EEG data from artifacts. Traditional
methods like Independent Component Analysis (ICA) require manual inspection and labeling of components by
an expert, a process that is subjective and not scalable[32]. Al, particularly deep learning, is automating this
process with high efficacy.

(1) Deep Learning for Denoising: Architectures like Denoising Autoencoders (DAE) are trained to
learn a mapping from noisy EEG inputs to clean EEG signals[33]. By learning the underlying structure of clean
neural data, the network can effectively separate and remove artifacts such as muscle activity (EMG) and eye
blinks (EOG) without the need for manual component rejection.

(2) CNN-based Artifact Detection: CNNs can be trained to classify short segments of EEG data or
individual ICA components as 'artifact' or 'brain signal'[34]. These models learn discriminative spatial-temporal
patterns associated with artifacts, achieving performance comparable to human experts and enabling high-
throughput, automated preprocessing pipelines for large-scale studies.

(3) Adaptive Filtering with Al: Recurrent Neural Networks (RNNs), renowned for processing
sequential data, can be used to model the time-varying nature of artifacts and adaptively filter them from the
neural signal in real-time[35], which is particularly valuable for online BCI applications.

2.2 Feature Extraction and Representation Learning

This stage represents the core of the intelligent EEG processing pipeline, where the paradigm shift
from manual feature engineering to automatic representation learning is most evident. The transition
encompasses both improved utilization of traditional features and the groundbreaking adoption of deep learning
methods.

(1) Handcrafted Features with Classical ML: This hybrid approach continues to play a significant role
in scenarios characterized by limited data availability or requirements for model interpretability. Established
feature extraction techniques remain valuable, including Power Spectral Density (PSD) for quantifying rhythmic
activity in specific frequency bands[36], Common Spatial Patterns (CSP) for optimizing the discrimination of
brain states related to motor imagery[37], and higher-order statistical features such as entropy measures to
capture the complexity and non-stationarity of neural signals[38]. These carefully designed feature vectors are
subsequently used as input to classical machine learning classifiers, including Support Vector Machines
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(SVM)[37] and Linear Discriminant Analysis (LDA)[25]. While this approach benefits from well-understood
features and generally lower computational costs, its effectiveness remains fundamentally constrained by the
expertise and bias of the researcher during the feature selection process, potentially overlooking subtle yet
discriminative patterns in the data.

(2) Deep Learning-Based End-to-End Learning: This approach constitutes the most transformative
advancement in EEG feature extraction. Deep learning models, particularly Convolutional Neural Networks
(CNNs), are designed to automatically learn optimal hierarchical feature representations directly from raw or
minimally preprocessed EEG data[27]. One-dimensional CNNs (1D-CNNs) operate directly on the temporal
signal, applying learned filters to extract progressively more abstract features along the time domain[39]. Two-
dimensional CNNs (2D-CNNs) can be applied to time-frequency representations (e.g., spectrograms or
scalograms) of the EEG, simultaneously capturing spectral and temporal information in a manner analogous to
image processing[40]. Recurrent Neural Networks (RNNs), especially Long Short-Term Memory (LSTM)
networks, excel at modeling long-range dependencies and contextual information within the temporal sequences
of EEG data, making them particularly suited for tasks involving dynamic brain state changes[41]. The key
advantage of this end-to-end paradigm is that the network learns features that are maximally informative for the
specific task at hand, bypassing the need for manual feature engineering and often discovering novel biomarkers
that might elude human experts.

II1. APPLICATIONS

The synergy of Al and EEG has enabled a multitude of advanced applications across diverse domains.
This convergence has transformed EEG from a primarily diagnostic tool into a powerful technology for brain-
state monitoring, neural disorder diagnosis, and direct brain-computer communication. The applications
demonstrate how intelligent EEG processing is moving from laboratory research to real-world implementations,
revolutionizing fields ranging from clinical medicine to human-computer interaction.

The transition from research prototypes to practical applications has been accelerated by several key
factors: the development of more robust deep learning architectures capable of handling EEG's non-stationary
nature[36], the availability of larger curated datasets for training[37], and the emergence of commercial-grade
wearable EEG systems[38]. This maturation has enabled the deployment of AI-EEG systems in increasingly
diverse and challenging environments, from hospital intensive care units to ambulatory home monitoring
settings. The real-world impact of these technologies is particularly evident in their ability to provide
quantitative, objective measures of brain function that complement traditional clinical assessments[39].

3.1 Brain-Computer Interfaces (BCIs)

BClIs represent one of the most transformative applications of intelligent EEG processing, enabling
direct communication pathways between the brain and external devices. These systems translate specific
patterns of neural activity into control commands, offering new possibilities for individuals with severe motor
impairments and advancing human-computer interaction paradigms. The integration of deep learning has been
particularly crucial in overcoming the challenges of inter-subject variability and low signal-to-noise ratio that
have historically limited BCI performance[40].

Modern Al-driven BClIs primarily focus on several paradigms. Motor Imagery (MI) based systems
utilize convolutional neural networks to decode the sensorimotor rhythms associated with imagined movements
of different body parts. These systems have demonstrated remarkable improvements in classification accuracy
for controlling neuroprosthetics and rehabilitation robots[41]. P300 spellersystems, which rely on the detection
of event-related potentials, have benefited from deep learning architectures that enhance signal detection in
single-trial scenarios, significantly improving communication rates for locked-in patients[42]. Additionally,
steady-state visual evoked potential (SSVEP) based BClIs have seen performance gains through the application
of neural networks that effectively filter noise and extract robust features from occipital EEG signals[43].

The transition to deep learning has enabled more natural and efficient BCI control schemes. End-to-end
learning approaches allow the model to automatically discover optimal feature representations from raw EEG
data, eliminating the need for handcrafted features and enabling adaptation to individual users' unique neural
signatures. This flexibility is particularly valuable for clinical applications where patients may have different
patterns of brain activity due to their specific neurological conditions[44].

Recent advances also include the development of hybrid BClIs that combine multiple paradigms and the
integration of transfer learning techniques to reduce calibration time. These innovations are moving BClIs closer
to practical, real-world deployment, offering new avenues for assistive technology and neural rehabilitation.

3.2 Neurological Disorder Diagnosis
The application of Al in neurological disorder diagnosis represents a paradigm shift in clinical
neuroscience, enabling more precise, objective, and early detection of brain disorders. Deep learning models
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excel at identifying subtle patterns in EEG signals that may be imperceptible to human experts, thereby
enhancing diagnostic accuracy and enabling large-scale screening programs[45]. This technological
advancement is particularly valuable given the growing global burden of neurological diseases and the shortage
of specialized neurologists in many regions.

(1) Epilepsy Management and Seizure Detection

Convolutional Neural Networks have demonstrated exceptional performance in epileptiform discharge
detection and seizure prediction. Advanced CNN architectures can automatically identify interictal epileptiform
discharges with sensitivity exceeding 95% and specificity above 97%, significantly reducing the burden of
manual EEG review[46]. For seizure prediction, hybrid models combining CNN and LSTM networks have
achieved prediction times of up to 30 minutes before clinical onset with accuracy rates surpassing 88%, enabling
proactive intervention strategies[47]. These systems are particularly valuable for long-term monitoring in
ambulatory settings, where they can provide continuous analysis of EEG data from wearable devices.

(2) Sleep Disorder Diagnosis

Deep learning approaches have revolutionized sleep stage classification and disorder detection.
Contemporary CNN-LSTM architectures can achieve overall sleep stage classification accuracy exceeding 87%
on polysomnography data, with particularly high performance in detecting REM sleep (accuracy >92%) and
wake states (accuracy >94%)[48]. These models leverage both temporal patterns through LSTM components
and spatial features through CNN layers, enabling comprehensive analysis of sleep architecture. For sleep
disorder identification, transformer-based models have shown remarkable capability in detecting sleep apnea
events with 96.3% accuracy and narcolepsy patterns with 91.8% specificity[49].

(3) Neurodegenerative Disease Early Detection

Machine learning algorithms are proving instrumental in identifying early biomarkers for Alzheimer's
disease and Mild Cognitive Impairment (MCI). Recent studies demonstrate that SVM classifiers with nonlinear
kernels can differentiate AD patients from healthy controls with 94.2% accuracy using resting-state EEG
features[50]. Deep learning models analyzing functional connectivity patterns have achieved 89.7% accuracy in
predicting MCI-to-AD conversion within two years, utilizing features such as phase lag index and graph theory
metrics[51]. These approaches enable non-invasive and cost-effective screening that could significantly improve
early intervention outcomes.

The integration of multimodal data, including structural MRI and genetic information with EEG
features, is further enhancing diagnostic precision. However, challenges remain in ensuring model
generalizability across diverse populations and addressing the black-box nature of deep learning decisions
through explainable Al techniques.

3.3 Cognitive and Affective Computing

Cognitive and affective computing represents one of the most rapidly growing applications of
intelligent EEG processing, enabling real-time assessment of mental states and emotional processes. This field
leverages the high temporal resolution of EEG to decode dynamic changes in cognitive and emotional states,
providing valuable insights for human-computer interaction, mental health monitoring, and performance
optimization[52]. The integration of deep learning has significantly improved the accuracy and robustness of
these systems, particularly in dealing with the high inter-subject variability in EEG patterns associated with
cognitive and affective states.

(1) Emotion Recognition

Advanced Al models have made significant progress in classifying emotional states from EEG signals.
Contemporary approaches typically employ multimodal architectures that combine convolutional neural
networks for spatial feature extraction with recurrent networks for temporal modeling of emotional
dynamics[53]. Studies using deep belief networks (DBNs) have achieved classification accuracies of 87.3% for
valence dimension and 85.9% for arousal dimension on benchmark datasets such as DEAP and SEED[54].
These models typically analyze a combination of spectral power features (particularly in theta, alpha, and beta
bands), asymmetry indices, and functional connectivity patterns across brain regions. The applications extend to
mental health monitoring for detecting depressive episodes (85.2% accuracy), adaptive learning systems that
adjust content based on student engagement, and enhanced human-computer interaction through emotion-aware
interfaces[55].

(2) Mental Workload and Attention Monitoring

Real-time assessment of cognitive load and attention levels has seen remarkable advances through deep
learning approaches. Hybrid CNN-LSTM architectures can classify cognitive workload levels with up to 91.4%
accuracy by analyzing event-related potentials and spectral changes in frontal theta and parietal alpha
rhythms[56]. For attention monitoring, transformer-based models have demonstrated 93.1% accuracy in
detecting lapses of attention using single-trial EEG analysis, particularly leveraging P300 components and alpha
band desynchronization[57]. These systems find critical applications in aviation for pilot fatigue detection,
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automotive safety for driver drowsiness monitoring, and educational technology for tracking student
engagement. Recent developments include the integration of transfer learning to adapt models to individual
users' neurophysiological signatures, significantly improving performance in real-world deployment
scenarios[58].

The field is moving towards multimodal integration, combining EEG with other physiological signals
such as ECG and GSR to enhance recognition accuracy. However, challenges remain in ensuring ecological
validity across different environments and addressing the temporal dynamics of cognitive and emotional states
through more sophisticated sequence modeling approaches.

3.4 Neuroergonomics

Neuroergonomics represents a cutting-edge interdisciplinary field that combines neuroscience with
ergonomics to study brain function and behavior in naturalistic environments. The advent of mobile EEG
systems equipped with dry electrodes and wireless technology has been pivotal in enabling the transition from
laboratory settings to real-world applications[59]. This paradigm shift is further accelerated by the development
of sophisticated Al algorithms capable of processing noisy, artifact-laden EEG data collected in dynamic
environments, opening new frontiers for optimizing human performance, safety, and well-being across various
domains.

(1) Workplace Performance Optimization

In industrial and occupational settings, Al-enhanced mobile EEG systems are revolutionizing
workplace design and task allocation. Deep learning models analyzing prefrontal theta power and parietal alpha
oscillations can predict mental fatigue with 89.6% accuracy during extended monitoring periods[60]. These
systems enable real-time assessment of cognitive workload patterns, facilitating adaptive task scheduling that
maintains optimal performance levels while reducing error rates by up to 34.7% in safety-critical operations[61].
Applications include monitoring air traffic controllers' vigilance levels, optimizing assembly line workflows
based on cognitive load measurements, and preventing occupational burnout through early detection of chronic
stress patterns using HRV-EEG fusion features.

(2) Daily Life Applications and Human Factors Engineering

Mobile EEG systems integrated with Al are transforming human-computer interaction in everyday
environments. Reinforcement learning algorithms can adapt interface complexity based on real-time cognitive
state assessment, improving user experience by 42.3% compared to static designs[62]. In educational settings,
personalized learning systems utilize LSTM networks to detect engagement patterns from prefrontal EEG
asymmetry, dynamically adjusting content delivery to maintain optimal learning states. For elderly care,
wearable EEG systems combined with deep learning can detect early signs of cognitive decline through changes
in resting-state functional connectivity, enabling timely interventions with 87.9% accuracy in community-
dwelling older adults[63].

(3) Safety-Critical System Design

Neuroergonomic approaches are particularly valuable in designing safety-critical systems where human
performance is paramount. In transportation, CNN architectures analyzing occipital alpha power and frontal
theta rhythms can predict driver drowsiness 3.2 seconds before behavioral manifestations with 92.1%
accuracy[64]. Similar approaches are being implemented in aviation for pilot monitoring and in medical settings
for surgical fatigue detection. The integration of explainable Al techniques provides actionable insights for
system redesign, such as optimizing cockpit instrument layouts based on cognitive workload distribution
patterns measured through mobile EEG.

The field continues to evolve with advancements in sensor technology, edge computing for real-time
processing, and federated learning approaches that address privacy concerns while enabling model
personalization. However, challenges remain in standardizing measurement protocols across different mobile
EEG systems and ensuring ecological validity while maintaining data quality in uncontrolled environments.

IV. CHALLENGES AND FUTURE DIRECTIONS

Despite the remarkable progress in intelligent EEG processing, several significant challenges must be
addressed to fully realize the potential of these technologies in real-world applications. The field stands at a
critical juncture where technical advancements need to be balanced with practical considerations for clinical and
commercial deployment.

(1) Data Quality and Standardization Challenges

The variability in EEG data acquisition across different devices, laboratories, and populations presents
a major obstacle for model generalization. Signal quality issues stemming from motion artifacts, environmental
interference, and individual anatomical differences continue to affect the reliability of AI models. The lack of
standardized protocols for data collection, preprocessing, and annotation further complicates the development of
robust systems. Future work must focus on establishing universal standards for EEG data handling and

www.ijeijournal.com Page | 75


http://www.ijeijournal.com/

Intelligent EEG Signal Processing and Its Applications: A Review

developing more sophisticated artifact removal techniques that can adapt to diverse recording conditions.

(2) Algorithmic and Computational Limitations

Current deep learning models often require substantial computational resources and large amounts of
labeled data for training, which may not be feasible for all applications. The black-box nature of many Al
algorithms raises concerns about interpretability and trust, particularly in clinical settings where decisions
impact patient care. There is an urgent need for developing more efficient models that can operate on edge
devices with limited resources, while maintaining transparency in their decision-making processes through
explainable Al techniques.

(3) Clinical Validation and Implementation Barriers

The transition from research prototypes to clinically validated tools requires overcoming significant
regulatory and practical hurdles. Most current studies demonstrate efficacy in controlled laboratory
environments rather than real-world clinical settings. The lack of large-scale, multi-center validation studies
limits the widespread adoption of these technologies. Future directions should prioritize robust clinical trials,
address ethical considerations regarding data privacy and algorithm bias, and develop frameworks for seamless
integration into existing healthcare workflows.

(4) Emerging Research Directions

Several promising avenues are emerging to address these challenges. The development of self-
supervised and semi-supervised learning approaches aims to reduce the dependency on large labeled datasets.
Federated learning techniques enable model training across multiple institutions while preserving data privacy.
The integration of multimodal data fusion, combining EEG with other physiological signals and imaging
modalities, offers opportunities for more comprehensive brain state assessment. Additionally, the exploration of
neuromorphic computing and brain-inspired algorithms may lead to more efficient and biologically plausible
processing architectures.

(5) Future Application Horizons

Looking ahead, intelligent EEG processing is poised to enable entirely new application domains. The
combination of real-time neural decoding with augmented reality interfaces could create novel brain-aware
computing environments. Personalized mental health interventions based on continuous neural monitoring may
revolutionize psychiatric care. In the longer term, these technologies may contribute to fundamental
neuroscience discoveries by providing new tools for understanding brain function in naturalistic settings.

The successful addressing of these challenges will require collaborative efforts across disciplines,
including neuroscience, computer science, engineering, and clinical medicine. Only through such integrated
approaches can the full potential of intelligent EEG processing be realized in ways that are scientifically valid,
clinically useful, and ethically responsible.

V. CONCLUSION

The integration of artificial intelligence with electroencephalography has ushered in a transformative
era in neural engineering and computational neuroscience. This comprehensive review has detailed the
remarkable journey from traditional signal processing methods to sophisticated deep learning approaches that
are redefining what is possible in EEG analysis. The paradigm shift from manual feature engineering to
automated representation learning represents not merely a technical improvement, but a fundamental change in
how we extract meaning from the brain's electrical signals.

The applications spanning brain-computer interfaces, neurological diagnosis, cognitive monitoring, and
neuroergonomics demonstrate the extensive impact of these technologies across multiple domains. In clinical
settings, Al-enhanced EEG analysis is moving from research laboratories toward practical implementation,
offering new hope for early diagnosis of neurological disorders and personalized treatment strategies. In human-
computer interaction, these advances are creating more intuitive and adaptive interfaces that respond to users'
cognitive and emotional states. The emergence of mobile EEG systems combined with edge computing
capabilities is particularly promising for bringing neural monitoring into everyday environments.

However, the field must navigate significant challenges related to data standardization, model
interpretability, and clinical validation. The black-box nature of many deep learning models remains a concern
for clinical adoption, while the variability in EEG signals across individuals and recording conditions continues
to test the generalization capabilities of current algorithms. These challenges notwithstanding, the rapid pace of
innovation in explainable Al, transfer learning, and federated learning offers promising pathways toward more
robust and trustworthy systems.

Looking forward, the convergence of intelligent EEG processing with other emerging technologies—
including augmented reality, Internet of Things, and personalized medicine—suggests that we are only
beginning to glimpse the potential of these approaches. The development of closed-loop systems that not only
interpret neural activity but also provide adaptive feedback in real time represents particularly exciting frontier.
As these technologies mature, they hold the promise of transforming our relationship with technology and
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enhancing our understanding of the human brain.

Ultimately, the progress in intelligent EEG processing represents more than technical achievement—it
embodies a new approach to understanding and interfacing with the most complex organ in the human body. By
continuing to bridge the gap between computational innovation and neuroscientific insight, this field is poised to
make enduring contributions to both basic science and human welfare, creating new possibilities for enhancing
cognitive capabilities, diagnosing neurological conditions, and improving quality of life across diverse
populations.
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