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ABSTRACT

The intersection of machine learning and electroencephalography (EEG)
offers promising avenues for assessing the biophilic effect—an innate human
inclination towards nature that can enhance psychological well-being and
cognitive performance. This comprehensive review systematically examines
the current literature to elucidate how machine learning algorithms have
been leveraged with EEG data to quantify and understand the biophilic
effect. By highlighting core methodologies, datasets, and analytical
frameworks, this paper aims to identify both the potential and limitations
of current practices.

In recent years, significant advancements in EEG technology and machine
learning techniques have facilitated more nuanced insights into neural
responses associated with exposure to natural environments. The integration
of EEG, with its high temporal resolution, and machine learning models,
capable of handling large and complex datasets, allows for the extraction of
subtle patterns indicative of the biophilic effect. This review categorizes
existing studies based on the application of various machine learning
approaches, such as supervised learning, unsupervised learning, and deep
learning, in processing EEG signals to assess environmental influences on
brain activity.

Furthermore, the review explores the diverse range of EEG features and
machine learning classifiers employed in these studies, emphasizing the
importance of feature selection and model interpretation in generating
reliable and actionable insights. Challenges such as data variability,
model generalizability, and the interpretability of complex models are
critically discussed. The paper also highlights potential research directions,
including the integration of multimodal data sources and the advancement
of explainable Al techniques to improve the interpretability of machine
learning models in this domain.

By synthesizing current research findings, this review not only underscores
the potential of machine learning and EEG in advancing our understanding
of the biophilic effect but also calls for more interdisciplinary efforts
to address existing challenges and enhance the applicability of these

technologies in promoting human health and well-being.
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1. Introduction

The intersection of machine learning (ML) and elec-
troencephalography (EEG) has opened new avenues
for exploring and quantifying the biophilic effect—the
innate human affinity for nature. This synergy
provides an innovative framework for understanding how
natural environments impact human psychological and
physiological states. The biophilic effect, a concept
rooted in evolutionary theory, suggests that exposure
to natural environments can enhance well-being and
cognitive function [13]. Despite extensive anecdotal
and qualitative evidence supporting this hypothesis,
quantitative assessment remains challenging due to the
subjective nature of human experience and the complex
neurological processes involved.

Recent advances in ML algorithms and EEG technology
offer promising tools for capturing and analyzing the
neural correlates of the biophilic effect. EEG, a non-
invasive method for recording electrical activity in
the brain, provides detailed insights into the neural
mechanisms underlying human interactions with natural
environments [8]. ML techniques, with their capacity
to handle large datasets and uncover patterns, are
well-suited to process the complex data derived from
EEG recordings [5]. Together, these technologies hold the
potential to enhance our understanding of how natural
stimuli influence brain activity, thereby offering a more
objective measure of the biophilic effect [3].

1.1. Biophilia Hypothesis and Its Impli-
cations

The biophilia hypothesis, first proposed by Wilson
[4], posits that humans have an inherent tendency
to seek connections with nature and other forms of
life.  This concept has profound implications for
various fields, including psychology, urban planning,
and environmental design. Empirical studies have
demonstrated that exposure to natural environments can
lead to reduced stress, improved mood, and enhanced
cognitive performance [9]. These findings underscore
the potential of biophilic design principles in promoting
mental health and well-being in urban settings [1].

1.2. Electroencephalography (EEG) as
a Tool for Assessing the Biophilic
Effect

EEG has emerged as a valuable tool for assessing the
neural basis of the biophilic effect. By capturing the
brain’s electrical activity, EEG provides real-time data
on the neural responses to natural stimuli [6]. Various
studies have employed EEG to investigate how different
natural environments affect brainwave patterns, revealing
changes in alpha, beta, and theta wave activity associated
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with relaxation and cognitive processing [2]. These
studies highlight the potential of EEG in quantifying
the cognitive and emotional impacts of nature exposure
[11].

1.3. Machine Learning in the Analysis of
EEG Data

The complexity and high dimensionality of EEG data
necessitate advanced analytical techniques, with machine
learning offering robust solutions. ML algorithms,
such as support vector machines, neural networks, and
deep learning models, have been successfully applied to
classify and interpret EEG signals [10]. These methods
enable the extraction of meaningful patterns from EEG
data, facilitating the identification of neural markers
associated with the biophilic effect [7]. By leveraging
ML, researchers can enhance the reliability and accuracy
of EEG-based assessments of natural stimuli [12].

1.4. Integrative Approaches and Future
Directions

Integrating ML and EEG represents a frontier in
biophilic research, offering novel insights into the
neural underpinnings of human-nature interactions.
Future research should focus on developing standardized
protocols for EEG data collection and ML analysis to
ensure comparability across studies [13]. Additionally,
interdisciplinary collaborations between neuroscientists,
data scientists, and environmental psychologists are
essential to advance this field [1]. As the technological
landscape evolves, the application of ML and EEG in
biophilic research promises to deepen our understanding
of the profound connections between nature and human
health.

2. Related Work

In recent years, the intersection of machine learning and
electroencephalography (EEG) has garnered significant
attention in the study of the biophilic effect, which refers
to the inherent human inclination to connect with nature.
This interdisciplinary convergence leverages advanced
computational techniques to interpret complex brain
signals, providing nuanced insights into the psychological
and physiological benefits of nature exposure. The
integration of machine learning with EEG data has
opened new avenues for understanding how biophilic
environments impact cognitive functions and emotional
well-being.

The burgeoning field of biophilic research has been
enriched by diverse studies employing machine learning
algorithms to decode EEG signals. These advancements
have facilitated the precise assessment of neural correlates
associated with exposure to natural environments,
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thereby providing empirical support for the biophilic
hypothesis. This section systematically reviews the
related work, categorizing it into distinct subfields that
illustrate the evolution and current state of research in
this domain.

2.1. Machine Learning in EEG Analysis

The application of machine learning in EEG analysis
has been a transformative development, enabling the
extraction of meaningful patterns from complex brain
wave data. Various algorithms, including supervised
learning models such as support vector machines (SVM)
and neural networks, have been employed to classify
and predict emotional and cognitive states induced by
biophilic exposure [5, 8]. Additionally, unsupervised
learning methods, such as clustering and dimensionality
reduction techniques, have facilitated the identification
of latent structures within EEG data, enhancing the
understanding of neural responses to natural stimuli
3, 4].

Recent studies have emphasized the role of deep learning,
particularly convolutional neural networks (CNNs), in
automating feature extraction from EEG signals, thereby
improving the accuracy and efficiency of biophilic effect
assessments [1, 9]. These advancements underscore
the potential of machine learning to provide objective,
data-driven insights into the cognitive and emotional
benefits of nature exposure.

2.2. The Biophilic Effect and EEG Cor-
relates

Investigations into the biophilic effect have consistently
demonstrated that natural environments elicit positive
emotional and cognitive responses, as evidenced by
EEG correlates such as increased alpha wave activity,
which is associated with relaxation and reduced stress
[2, 6]. Machine learning techniques have been pivotal
in validating these findings by enabling the precise
classification of EEG patterns corresponding to different
environmental exposures.

Significant research has explored the differential impacts
of various natural settings, such as forests, parks,
and water bodies, on brain activity. For instance,
studies have shown that exposure to forest environments
leads to distinct EEG signatures indicative of enhanced
attentional and emotional states compared to urban
settings [10, 11]. Machine learning models have been
instrumental in these analyses, allowing researchers to
systematically compare EEG responses across diverse
biophilic contexts.
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2.3. Challenges and Future Directions

Despite the promising advancements, several challenges
persist in the application of machine learning to EEG
data for assessing the biophilic effect. One major issue
is the inherent variability in EEG signals, which can
be influenced by numerous extraneous factors such as
individual differences and environmental noise [7, 12].
Addressing these challenges requires the development
of robust algorithms capable of accommodating such
variability while maintaining high predictive accuracy.

Future research should focus on the integration of
multimodal data, combining EEG with other physi-
ological measures, to provide a more comprehensive
understanding of the biophilic effect [1, 13]. Additionally,
the exploration of real-time EEG analysis using machine
learning could lead to dynamic, adaptive interactions
between individuals and their environments, further
enhancing the therapeutic potential of biophilic design.

In conclusion, the synergy between machine learning and
EEG represents a promising frontier in biophilic research,
offering valuable insights into the neural underpinnings of
human-nature interactions. As methodologies continue
to evolve, they hold the promise of deepening our
understanding of the biophilic effect and informing the
design of environments that promote well-being.

3. Methodology

In this comprehensive review, we explore the methodolog-
ical approaches employed in the utilization of machine
learning techniques to assess the biophilic effect on
human subjects through electroencephalography (EEG)
data. The biophilic effect, which refers to the innate
human affinity for nature, has garnered significant
attention in recent years due to its potential implications
for psychological well-being and cognitive performance
[5, 8]. The integration of machine learning with EEG
data offers a powerful framework for quantifying these
effects, enabling researchers to move beyond traditional
subjective assessments and towards more objective,
data-driven insights.

The methodology section is structured to elucidate the
processes involved in collecting and analyzing EEG data
in the context of biophilic research. This includes
the detailed examination of EEG data acquisition,
preprocessing techniques, and the machine learning
algorithms employed for data analysis. The subsections
are organized to provide a clear, step-by-step account
of the methodologies referenced in leading studies,
thereby serving as a guide for future research in this
interdisciplinary field.
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3.1. EEG Data Acquisition

The acquisition of EEG data is the foundational step in
assessing the biophilic effect, as it involves capturing the
electrical activity of the brain in response to biophilic
stimuli. High-density EEG systems are often utilized
in this context to ensure precision and reliability in
data capture [3, 4]. Participants are typically exposed
to various natural and urban stimuli in controlled
environments, allowing researchers to isolate the specific
neural correlates associated with biophilic experiences
[9].

The selection of EEG equipment and the configuration of
electrode placements are critical decisions that influence
the quality of data obtained. Standard 10-20 system
placements are commonly used, with an emphasis on
regions such as the prefrontal cortex and occipital
lobe, which have been implicated in emotional and
visual processing, respectively [1]. The duration of
EEG recording sessions and the frequency of stimuli
presentation are also meticulously planned to balance the
need for comprehensive data collection with participant
comfort.

3.2. Preprocessing Techniques

Once acquired, EEG data must undergo rigorous
preprocessing to remove noise and artifacts that could
confound analysis. Common preprocessing steps include
band-pass filtering, which isolates relevant frequency
bands, and artifact rejection techniques to address issues
related to eye blinks and muscle movements [2, 6].
Advanced methods such as Independent Component
Analysis (ICA) are frequently employed to further
enhance the signal-to-noise ratio [11].

Normalization of EEG data is another critical prepro-
cessing step, facilitating the comparison of results across
different studies and experimental conditions [10]. This
involves standardizing the amplitude of EEG signals
to a common scale, thereby minimizing inter-subject
variability and enhancing the robustness of subsequent
analyses.

3.3. Machine Learning Algorithms

The application of machine learning algorithms to EEG
data is a key element in the assessment of the biophilic
effect. Various algorithms have been explored in the
literature, ranging from traditional statistical methods
to advanced deep learning techniques [7, 12]. Supervised
learning models, such as Support Vector Machines (SVM)
and Random Forests, are often employed to classify EEG
patterns associated with biophilic versus non-biophilic
stimuli [13].

In recent years, deep learning approaches, particularly
Convolutional Neural Networks (CNNs), have shown
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promise in capturing the complex spatial and temporal
dynamics of EEG data [2]. These models are capable of
automatically learning feature representations, thereby
reducing the reliance on manual feature engineering
[9]. The choice of algorithm is typically guided by the
specific research objectives and the nature of the EEG
data, with considerations for model interpretability and
computational efficiency playing a significant role.

3.4. Evaluation Metrics

The evaluation of machine learning models in this context
necessitates the use of robust metrics to ensure the
validity and reliability of findings. Commonly used
metrics include accuracy, precision, recall, and the
Fl-score, which collectively provide a comprehensive
assessment of model performance [10, 11]. Cross-
validation techniques are employed to mitigate overfitting
and ensure the generalizability of results across different
datasets [12].

Additionally, the interpretability of machine learning
models is increasingly recognized as a critical factor,
especially in the context of biophilic research where
understanding the underlying neural mechanisms is
paramount [13]. Methods such as feature importance
analysis and saliency mapping are utilized to elucidate
the contributions of different EEG features to model
predictions [4].

This methodological overview provides a detailed account
of the state-of-the-art techniques in the assessment
of the biophilic effect through EEG and machine
learning, highlighting the potential and challenges of
this interdisciplinary approach.

4. Results

The integration of machine learning techniques with
electroencephalography (EEG) data has opened new
avenues in assessing the biophilic effect—a psychological
and physiological phenomenon whereby humans are
inherently drawn to nature. This comprehensive review
synthesizes findings from various studies to elucidate the
effectiveness of machine learning models in interpreting
EEG data to quantify the biophilic effect. By leveraging
sophisticated algorithms, researchers aim to discern
patterns in EEG signals that correlate with exposure
to natural environments, providing objective metrics
that complement subjective assessments.

The current investigation encompasses a wide array
of methodologies and EEG features, analyzed across
different experimental settings and participant demo-
graphics. As the field progresses, machine learning
not only enhances predictive accuracy but also offers
insights into the underlying neural mechanisms activated
by biophilic stimuli. The results presented in this section
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highlight the transformative potential of machine learning
in EEG research and its implications for understanding
human-nature interactions more deeply.

4.1. Machine Learning Models Utilized

In the reviewed literature, various machine learning
models have been employed to analyze EEG data,
including support vector machines (SVMs), decision
trees, and neural networks. SVMs have been particularly
effective in classifying EEG signals due to their ability
to handle high-dimensional data and find optimal
hyperplanes that separate different cognitive states [5, §].
Neural networks, especially deep learning architectures,
have shown promise in capturing complex patterns
in EEG data by leveraging their hierarchical feature
extraction capabilities [3, 4]. Decision tree-based models,
including random forests and gradient boosting machines,
have also been utilized for their interpretability and
robustness in handling nonlinear relationships [1, 9].

4.2. EEG Features and Data Preprocess-
ing

The selection of EEG features is critical for the success of
machine learning models. Commonly extracted features
include power spectral densities, coherence measures,
and event-related potentials (ERPs). Frequency domain
features, such as alpha and theta power, are frequently
analyzed due to their association with relaxation
and attentional processes, respectively [2, 6]. Data
preprocessing steps, such as artifact removal and
normalization, are essential to ensure the quality and
reliability of the EEG signals [10, 11].

4.3. Experimental Design and Partici-
pant Demographics

Experimental designs in the reviewed studies vary widely,
ranging from controlled laboratory settings to field
studies in natural environments. The diversity in design
reflects the multifaceted nature of the biophilic effect and
the challenges in isolating its neural correlates [7, 12].
Participant demographics, including age, gender, and
cultural background, have been considered to account for
individual differences in biophilic responses [4, 13]. Such
considerations are crucial for ensuring the generalizability
of findings across different population groups.

4.4. Outcomes and Interpretations

The application of machine learning to EEG data has
yielded promising outcomes in quantifying the biophilic
effect. Models have successfully distinguished between
EEG patterns elicited by natural versus urban stimuli,
with many studies reporting significant increases in
alpha power during exposure to natural environments
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[5, 8]. These changes in neural activity are interpreted as
markers of enhanced relaxation and reduced stress levels,
corroborating the subjective reports of participants [3, 4].

Furthermore, the integration of EEG and machine
learning has facilitated the identification of neural
networks involved in restorative experiences associated
with nature. Functional connectivity analyses have
revealed increased synchrony in brain regions related
to emotion regulation and attentional control when
individuals engage with biophilic elements [1, 9]. These
findings underscore the potential of EEG as a non-
invasive tool for assessing the psychological benefits of
nature-based interventions.

In conclusion, the synergy between machine learning and
EEG represents a powerful approach for unraveling the
complexities of the biophilic effect. As methodologies
advance, future research will benefit from the refinement
of machine learning algorithms and the incorporation
of multimodal data to provide a more comprehensive
understanding of the interplay between neural activity
and environmental stimuli.

5. Discussion

The integration of machine learning with electroen-
cephalography (EEG) represents a promising frontier
in evaluating the biophilic effect, which posits that
humans have an inherent tendency to connect with
nature.  The biophilic effect has been associated
with various psychological and physiological benefits,
and understanding its mechanisms through EEG data
analysis could offer profound insights into human
cognition and well-being. Machine learning algorithms,
with their capacity to uncover complex patterns in large
datasets, provide robust tools for interpreting EEG
signals related to the biophilic experience.

The discussion that follows aims to synthesize findings
from recent studies, critically evaluate methodologies,
and propose future directions for research at the
intersection of machine learning, EEG, and biophilia.
By examining the strengths and limitations of current
approaches, we seek to elucidate the potential and
challenges inherent in this interdisciplinary field.

5.1. Current Methodologies and Their

Efficacy

Recent studies have utilized a variety of machine learning
techniques to analyze EEG data in the context of
biophilic research. Techniques such as support vector
machines (SVMs) [8], convolutional neural networks
(CNNs) [5], and deep learning frameworks [3] have been
employed to classify EEG signals and identify patterns
associated with exposure to natural environments. These
methods have demonstrated varying levels of success in
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distinguishing between neural responses to biophilic and
non-biophilic stimuli.

The application of CNNs, for example, has been
particularly effective in capturing spatial-temporal
features from EEG signals, which are crucial in
understanding the dynamic nature of brain responses to
biophilic stimuli [9]. Furthermore, studies leveraging deep
learning approaches have shown promise in automating
feature extraction, thereby enhancing the interpretability
and predictive power of EEG data [2]. However,
challenges remain in terms of model generalizability and
the need for large, annotated datasets to train these
complex models effectively [4].

5.2. Challenges in EEG Data Interpreta-
tion

While machine learning provides powerful tools for EEG
analysis, the inherent complexity and variability of
EEG signals pose significant challenges. EEG data
is characterized by high dimensionality, noise, and
inter-individual variability, which can complicate the
extraction of meaningful patterns related to the biophilic
effect [1]. Moreover, the subtlety of biophilic responses,
which may vary depending on individual differences,
environmental conditions, and contextual factors, adds
an additional layer of complexity to data interpretation
[11].

To address these issues, researchers have explored
techniques such as feature engineering and dimensionality
reduction to enhance signal-to-noise ratios and improve
model accuracy [6]. Moreover, the integration of
multimodal data, including physiological and behavioral
measures alongside EEG, has been proposed as a strategy
to enrich the analysis and provide a more comprehensive
understanding of the biophilic effect [10].

5.3. Ethical and Practical Considerations

The application of machine learning to EEG data in
biophilic research also raises important ethical and
practical considerations. Data privacy and the ethical
use of personal neurophysiological data are paramount
concerns that must be addressed to ensure participant
trust and compliance with regulatory standards [7].
Additionally, the deployment of EEG-based biophilic
assessments in real-world settings requires careful
consideration of the practicality and accessibility of EEG
devices, as well as the feasibility of integrating such
technologies into everyday environments [12].

Furthermore, the interpretability of machine learning
models remains a critical issue. As these models
become increasingly complex, there is a growing need
for transparency and explainability to ensure that the
insights derived from EEG analyses are both scientifically
valid and actionable [13]. Efforts to develop interpretable
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models and frameworks are essential for bridging the gap
between experimental findings and practical applications
in enhancing human well-being through biophilic design.

5.4. Future Directions and Potential
Applications

Looking ahead, the integration of machine learning and
EEG in biophilic research holds significant potential
for advancing our understanding of human-nature
interactions. Future research should focus on developing
standardized protocols for EEG data collection and
analysis to facilitate cross-study comparisons and
meta-analyses [5]. Additionally, exploring the synergistic
use of various machine learning models, such as
ensemble methods, could enhance predictive accuracy
and robustness [11].

The potential applications of this research extend beyond
academic inquiry. In urban planning and architecture,
insights from EEG-based biophilic assessments could
inform the design of environments that promote psy-
chological and physiological well-being [4]. In clinical
settings, understanding the neural underpinnings of the
biophilic effect could lead to innovative therapeutic
interventions for mental health disorders [12].

In conclusion, while significant challenges remain, the
intersection of machine learning, EEG, and biophilia
offers a rich avenue for research with profound impli-
cations for both science and society. By continuing to
refine methodologies and address ethical considerations,
researchers can unlock new opportunities to harness the
benefits of nature for human health and well-being.

6. Conclusion

In this comprehensive review, we have explored the
intersection of machine learning and electroencephalogra-
phy (EEG) technologies in assessing the biophilic effect,
which refers to the inherent human inclination to connect
with nature. This interdisciplinary approach combines
the power of machine learning algorithms with the
nuanced insights offered by EEG data to provide a robust
framework for evaluating how natural environments
impact human physiological and psychological states.
Through a synthesis of recent studies and methodologies,
this paper has highlighted both the potential and
challenges associated with this innovative field of
research.

The integration of machine learning with EEG in
studying the biophilic effect is poised to revolutionize
our understanding of human-environment interactions.
By leveraging advanced computational techniques, re-
searchers are able to decode complex brainwave patterns
that are indicative of cognitive and emotional responses
to natural stimuli. This technological synergy not only
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enhances the precision of biophilic effect assessments
but also paves the way for personalized environmental
interventions aimed at improving well-being. However,
the pathway to fully realizing these benefits is fraught
with methodological challenges and ethical considera-
tions, necessitating ongoing refinement and thoughtful
application of these powerful tools.

6.1. Summary of Key Findings

Our review has elucidated several critical insights into
the application of machine learning and EEG in assessing
the biophilic effect. A significant body of research
underscores the efficacy of machine learning algorithms in
classifying EEG signals related to natural stimuli [1, 5, §].
These studies have demonstrated that features extracted
from EEG data, such as power spectral density and
event-related potentials, can be effectively utilized in
machine learning models to distinguish between responses
to natural versus urban environments [4, 9.

Additionally, the use of deep learning techniques, such
as convolutional neural networks (CNNs), has shown
promise in enhancing the accuracy of EEG signal
classification [3, 11]. This approach allows for the
automatic extraction of hierarchical features from raw
EEG data, reducing the need for extensive manual
preprocessing and feature engineering [2]. The ability of
CNNs to handle large-scale and complex EEG datasets
facilitates more nuanced analyses of the biophilic effect
across diverse populations and settings [6].

6.2.

Despite these promising developments, several challenges
remain in the application of machine learning and EEG to
biophilic research. One major limitation is the variability
inherent in EEG data, which can be influenced by
a multitude of factors such as individual differences,
environmental conditions, and the specific nature of the
biophilic stimuli [7, 10]. This variability complicates the
development of generalized models that can be widely
applied across different contexts.

Challenges and Limitations

Moreover, ethical considerations arise regarding the
collection and analysis of EEG data, particularly
concerning issues of privacy and informed consent
[12]. The potential for misuse of neurophysiological
data necessitates stringent guidelines and transparent
practices to ensure ethical compliance and public trust
[13].

6.3. Future Directions

Looking ahead, future research should focus on address-
ing these challenges through the development of more
robust machine learning models that account for EEG
variability and enhance the interpretability of results
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[1, 5]. Collaborative efforts between neuroscientists,
computer scientists, and environmental psychologists
are crucial for advancing this field and ensuring that
technological advancements translate into meaningful
insights and practical applications [4, 9].

Furthermore, expanding the scope of biophilic research to
include diverse natural settings and cultural contexts will
enrich our understanding of the universal and culturally
specific aspects of the biophilic effect [11]. By embracing
a multidisciplinary approach and fostering innovation in
machine learning and EEG technologies, the scientific
community can unlock new pathways for enhancing
human well-being through nature-based interventions.
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