Evaluating Workplace Wellbeing: A Framework Using Biometric Data and
Neural Networks

Abstract (250 words)

The post-pandemic work landscape demands a paradigm shift in workplace design, prioritizing
both employee wellbeing and rejuvenation. While a substantial number of remote working
Americans are refusing to return to the office, studies show that hybrid or remote workers
experience a higher rate of mental health issues due to constant interruptions at work. Therefore,
the role of a dedicated workplace becomes more crucial, as it provides a designated space to
focus and supports a work-life boundary essential for both physical and mental health. This
paper posits that effective workplace design, particularly through visual elements such as spatial
forms, materials, and coloros, can improve physiological and psychological responses. These
design elements influence the long term wellbeing through sensory stimulations and by shaping
perceptions of space. Although standards such as the WELL standard and LBC 4.0 provide
design guidelines that promote health, they fall short in quantitatively demonstrating their impact
on occupants’ wellbeing, as well as being diluted by broader issues just as environmental
sustainability and building performance. Addressing this gap, our research aims to develop a
framework using convolutional neural networks (CNNs) trained on images of interior
environments, as well as human valence and arousal responses. This model will test against the
evaluation based on electroencephalogram (EEG), electrodermal activities (EDA), and resting
heart rate (RHR) to quantitatively evaluate how visual design elements influence employee
wellbeing. This approach promises to inform more effective workplace design that not only
meets operational and performance needs but also promotes employee wellbeing and facilitates
rejuvenation.

Keyword: workplace wellbeing; Convolutional Neural Networks; biometric data; visual stimuli,
human responses



1. Introduction

In the aftermath of the COVID-19 pandemic, the traditional workplace has undergone a
paradigm shift in which remote or hybrid work schedule has become a norm. According to
WFHResearch, 12.7% and 28.2% of employees work remotely and in hybrid respectively
(Aksoy et al. 2023). Reli Exchange’s survey highlights that nearly 26% of remote workers resist
returning to the office, despite potential job loss risks . This shift has stirred debates around
productivity and mental health impacts. For instance, while the Harvard Business Review
suggests remote workers enjoy heightened productivity and satisfaction, Stanford SIEPR notes a
10% productivity drop in fully remote settings due to communication and motivation challenges
(Barrero et al., 2023). Nonetheless, the reduced costs from space savings and global hiring
ostensibly compensate for these deficits, suggesting an overall productivity gain.

However, the mental health implications of prolonged remote work are concerning. Studies by
Costin et al. reveal an increase in burnout, stress, and emotional exhaustion among remote
workers, exacerbated by inadequate training and technology adaptation challenges (Costin et al.,
2023). The lack of workplace and social connections, alongside increased job demands and
insufficient organizational support, further deteriorates mental health and job satisfaction. These
findings underscore the importance of the physical workplace not just for operational efficiency
but also as a vital component of employee wellbeing. Amidst this backdrop, the design of the
workspace has gained unprecedented importance. Current building standards, primarily focused
on sustainability and environmental impacts, often overlook human health and wellness aspects.
The WELL Building Standard emerges as a notable exception. Yet, its guidance on promoting
workplace wellbeing through design remains vague in associating the effects of design aspects.
For example, the materials chapter includes safety guidelines to reduce human exposure to toxic
chemicals such as asbestos, mercury, and lead. However, promoting safety of a building is not
the same as promoting human health, as it does not address how materials impact occupants
physiological and psychological wellbeing as discovered in studies as Medhat Assem et al.
(2023), Yin et al. (2019, 2020), and Elbaiuomy et al. (2019).

This research aims to bridge the gap in understanding how architectural design influences
employee wellbeing by utilizing artificial intelligence (Al), particularly machine learning (ML)
to analyze biometric data related to visual stimuli. This innovative approach seeks to establish a
clear correlation between design elements and wellbeing indicators, moving beyond traditional
evaluation methods to offer a quantifiable analysis of design impacts. The study’s objectives are
twofold: to harness Al in identifying specific design elements that not only meet operational
needs but also support the mental and physical health of occupants, a crucial consideration in the
post-pandemic era. Through a comprehensive analysis of existing research and digital tools, this
study aims to influence future design practices significantly, advocating for workspaces that
nurture occupant wellbeing in every aspect.



2. State of the Art
2.1. Workplace Wellbeing Definition

The concept of "workplace wellbeing” related to the built environment first emerged in 1911 and
has grown significantly over the century. Aryanti et al. (2020) explore workplace wellbeing as
the sense of prosperity employees derive from work, promoting sustainable retention,
productivity, and psychological health. Litchfield (2021) describes it as the holistic health status
of employees within a work environment, encompassing physical, mental, and social aspects.
Myerson et al. (2017) define it as the balance between employees' psychological, physical, and
social resources and external challenges, ensuring productivity and mental health.

WELL 2.0 and LBC 4.0 IEQ are pioneering standards that incorporate wellbeing into their
design guidelines. WELL 2.0 emphasizes spatial geometries for movement, biophilic design
principles, and materials to enhance wellbeing. LBC 4.0 focuses on spatial design flexibility,
aesthetically pleasing colors reflecting the local environment, and the environmental impact of
materials. However, these guidelines are limited in evaluating the effectiveness of proposed
strategies.

Synthesizing these findings, workplace wellbeing integrates physical, mental, and social aspects
influenced by the built environment. In our study, wellbeing is significantly affected by design
elements such as form, material, and color. These controllable aspects play a crucial role in
shaping environments that promote positive valence (emotional positivity) and optimal arousal
(alertness and engagement). Understanding these design aspects aims to create workplaces that
enhance productivity, satisfaction, and overall mental and physical health.

2.2. Metrics for Quantifying Wellbeing

To fill the missing gap, biometric measurements have been utilized to provide a comprehensive
insight into how architectural designs influence human emotional and physiological states
through biometric feedback and neural responses. Kim J. and Kim N. (2022) establish how
design elements affect emotional responses using biometric indicators. A. Mostafavi (2022)
extends this to virtual environments, enhancing control over experiment variables and
replicability of findings as shown in Fig.2.1. Sandra G.L. Persiani et al. (2021), contribute by
detailing real-time physiological impacts of design features, enhancing the temporal resolution of
data on occupant wellbeing. Sameh Azzay et al. (2021) add depth by focusing on the neural
impacts of these environments, emphasizing the need for neuro-architectural research to fill
knowledge gaps. These studies demonstrate design features elicit quantifiable changes in brain
and physiological functions and underscores the critical role of architectural design in enhancing
human wellbeing. The common metrics are electroencephalogram (EEG), heart rate variability
(HRV), and electrodermal activity (EDA).



emotiv.com/product/emotiv-insight-
5-channel-mobile-eeg

pupil-labs.com/products/vr-ar

Fig.2.1: Data triangulation between architecture and biometric data (Mostafavi 2022)

2.2.1 Methods for Quantifying Wellbeing (Measuring EEG, HRV, EDA)

Electroencephalogram (EEG) is an instrumental tool in neurophysiological diagnostics,
reflecting the electrical activity generated by neural function within the brain (). There are five
major frequency bandwidths: Delta (3) at 0.5 — 4 Hz, associated with sleeping and dreaming
state; Theta (0) at 4 — 8 Hz, associated with deeply relaxed and meditation state; Alpha (o) at 8 —
12 Hz, associated reflective and restful state; Beta (p) at 12 — 35 Hz, associated with busy and
active mind; and Gamma (y) at 35+ Hz, associated with problem solving and concentration mind
(Abhang et al. 2016). These bandwidths can be further translated into various psychological
states based on valence and arousal scale (Shemesh et al. 2022). Among many other EEG
headsets, this study selects Emotiv Insight 2.0 that offers a wireless, multi-channel device that
captures real-time brain activity. This device is equipped with five sensors that measure EEG
data across different channels, facilitating the analysis of emotional and cognitive responses
through non-invasive methods. Its portability, ease of use, and cost-effectiveness make it an
excellent tool for both scientific research and consumer applications. It has been validated in
various studies such as Zabcikova (2019), Partama et al. (2020), and Shemesh et al. (2017, 2021)
that highlight its reliability and comparative effectiveness to other EEG devices.



Heart Rate Variability (HRV) is a sophisticated metric used to gauge the variation in time
intervals between consecutive heartbeats, known as inter-beat intervals (IBIs). It considers the
exact moment-to-moment changes in heartbeats, providing deeper insights into autonomic
nervous systems (ANS) functions, as well as the ability to respond to stress and environmental
changes (Arza et al. 2015; Ge et al. 2020). Resting Heart Rate (RHR) is another valuable
physiological marker for assessing stress level, as stress typically activates the sympathetic
nervous system, leading to an increased heart rate. Studies like Chalmers et al. (2021) and Altini
and Plews (2021) have shown individuals under stress exhibit significantly higher RHR
compared to their baseline level.

Electrodermal activity (EDA), also known as galvanic skin response (GSR), is a method at
measuring the electrical conductance of the skin, which varies with its moisture level. This
physiological phenomenon is primarily used to gauge ANS activity, particularly the sympathetic
branch that largely controls sweat gland activity. It is extensively used in psychology to study
emotional responses, particularly because it is directly affected by arousal states which cannot be
easily masked or controlled voluntarily (Affanni 2020).

2.2.4. VValence and Arousal Scale

Fig.2.2: Mental state labels on Valence and Arousal Scale (VAS)

Valence and arousal are two fundamental dimensions used to describe emotional experiences and
are integral to the psychological assessment of affective states. Valence refers to the pleasantness
or unpleasantness of an experience, while arousal indicates the degree of activation or excitement
that the experience generates. This two-dimensional approach as shown in Fig.2.2 is critical in
fields like psychology, neuroscience, and human-computer interaction to quantify and evaluate
emotional responses. EEG studies often focus on specific brain regions and frequencies that
correlate with arousal and valence. For instance, frontal asymmetry in the alpha band is
commonly linked to valence, whereas changes in the beta and theta bands can indicate variations
in arousal. This capability of EEG to detect subtle changes in brain activity related to emotional
states makes it invaluable for research in neuromarketing, psychiatric assessments, and interface
design, where understanding emotional responses is crucial. For example, in neuromarketing,
companies analyze consumer reactions to products or advertisements at the neurological level,
using EEG to gauge emotional responses based on arousal and valence scales. This approach



helps in refining marketing strategies to better align with consumer emotions, enhancing
engagement and effectiveness. One pivotal study by Schmidt et al. (2001) outlines methods for
quantifying emotional valence using EEG by examining frontal brain asymmetry, providing a
foundational approach for subsequent research in this area. Another significant contribution by
Posner et al. (2005) details the use of EEG to assess both arousal and valence, further cementing
the importance of these emotional dimensions in psychological and neuroscientific research.

2.2.4. Visual Perception of Spatial Forms, Materials, and Colors

This study focuses on “environmental conditions”, specifically the impacts on occupants'
wellbeing through visual stimuli in relation to spatial geometries, colors, and materials.This is
because they are few of the most fundamental decisions in design that have proven to be
effective in shaping occupants’ physiological responses. For instance, curved and symmetrical
spaces tend to be associated with higher levels of positive emotions and lower arousal, making
them feel more pleasant and safe. Conversely, sharp-edged and asymmetrical spaces often elicit
higher arousal and less positive valence, potentially due to their association with discomfort or
threat (Shemesh et al. 2017, 2021). Natural materials like wood and stone are often associated
with warmth and comfort, leading to positive valence and a calming effect, reducing arousal
(Medhat Assem et al. 2023; Yin et al. 2019, 2020). In contrast, materials such as glass and steel
can evoke feelings of modernity and coldness, potentially increasing arousal due to their
association with high-tech environments but possibly decreasing positive valence(Medhat Assem
et al. 2023; Elbaiuomy et al 2019). In relation to colors, studies have shown that bright and
saturated colors, such as red and yellow, tend to increase arousal and can evoke feelings of
excitement or urgency. Conversely, cool colors like blue and green are associated with calming
effects, reducing arousal and promoting relaxation. Warm colors (reds, oranges, and yellows)
often elicit positive valence in the form of feelings of warmth and comfort, while cool colors can
either be calming (positive valence) or perceived as cold and distant (negative valence)
depending on the context. Additionally, colors such as gray or beige are often perceived as
neutral or dull, leading to lower arousal and neutral or slightly negative valence (Kuller et al.
2009; Yoon and Wise. 2014; Cha et al. 2020).

2.3 Convolutional Neural Networks (CNNSs)

Convolutional Neural Networks (CNNs) are a class of deep learning models specifically
designed for processing structured grid data, such as images (LeCun et al. 2015; Alzubaidi et al.
2021). CNNs have revolutionized computer vision tasks by effectively capturing spatial
hierarchies in data through convolutional layers (LeCun et al. 2015). These networks are
particularly powerful for tasks that involve images as they can automatically and adaptively learn
spatial hierarchies from raw pixel data (Krizhevsky et al. 2017). Key components of CNNs
include convolutional layers, pooling layers, fully connected layers, and activation functions.
Convolution layers apply convolution operations to the input data using filters (kernels) to
extract local features, such as edges, textures, and patterns (Krizhevsky et al. 2017). Pooling
layers reduce the spatial dimensions of data which helps make the model invariant to small
translations and reduce computational complexity (Simonyan et al. 2015). Fully connected layers
perform the final classification or regression tasks (LeCun et al. 2015). Non-linear activation
functions like ReLU (Rectified Linear Unit) introduce non-linearity into the model, enabling it to
learn complex patterns (Krizhevsky et al. 2017). CNNs have been widely used in various



domains, demonstrating their versatility and effectiveness. For instance, they are used in image
classification to identify objects within images and assign them to predefined categories. For
image segmentation, CNNs divide an image into segments or regions, which is particularly
useful in image analysis.

In the context of classifying images of interior environments based on their impacts on
occupants’ wellbeing, CNNs offer significant potential. By analyzing the visual characteristics of
interior space, CNNs can predicate valence and arousal responses, which are crucial indicators of
emotional wellbeing. Therefore, our research focuses on utilizing CNNs to address the gap
between environment designs and their wellbeing impact, leveraging their capabilities to
effectively analyze complex data of the interior images.



3. Method
3.1 Framework

The study employs a mixed-methods research design, integrating both quantitative and
qualitative approaches to capture a holistic view of workplace wellbeing. It first collects 900
images of interior environments to create a pilot survey, to collect qualitative insights from
participants feedback for a dataset to train a CNNs model. Besides, the study photographs actual
environments and collects participants’ physiological responses in terms of EEG, EDA, and
RHR. These photographs and biometric data are later used in testing the performance of the
CNNs model. Moveover, this study performs a series of regression learning algorithms to
discover additional insights, such as the relationships between design elements and their
wellbeing impact to occupants, measured in terms of valence and arousal. This framework,
shown in Fig.3.1, facilitates a detailed analysis of biometric data while contextualizing findings
within the broader workplace environment.
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3.2 Data Collection and Processing
3.2.1 Pilot Survey and Data Processing

In the pilot survey, this study has collected 900 images of different interior environments to
collect human responses. These 900 images are distributed equally under 3 major categories:
“Form”, “Material”, and “Color”. Each category contains 300 images as shown in Fig.3.2.
“Form” category contains black and white images of interior spaces to minimize the appearance
of material texture and color that may distract participants' rating. “Material” category contains
images of interior spaces that emphasize on material textures. The “Color” category contains
images that feature the use of 10 colors: “Black”, “Gray” , “White”, “Red”, “Pink”, “Orange”,
“Yellow”, “Green”, “Blue”, “Purple”. Respondents are asked to imagine those images as their
work environments, and rate the images accordingly in terms of valence and arousal in a 0 to 10
scale.

To train the CNNs model, this study collects survey responses and maps the valence and arousal
distribution on a 2D Valence-Arousal Scale (VAS) as shown in Fig.3.3. For labels classification,
the responses at the 25th percentile will be used as the benchmark compared with the labeling
graph shown in Fig.3.3. For example, the interior environment in the image 1 _c_12 has both
valence and arousal reading at 5 as the benchmark, which is classified as “Neutral”. After that,
these 900 images will be used as input dataset while their corresponding labels will be used as
the output dataset.
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Fig.3.2: Survey Format



Boxplot for 1_c_12 Valence vs Arousal Distribution for Image 1_c_12
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Fig.3.3: Example: Survey response data visualization

For further insight extractions, this study first analyzes each image and computes the proportion
of over 20 features in 3 major categories. “Form” category contains features of “Rectilinear,
Sharp, Round, Curvy” based on the spatial classification in Shemesh et al. studies (2021). This
study first utilizes the image segmentation techniques to outline the spatial geometries of the
captured environments as shown in Fig.3.4. Then, these images are sent to ChatGPT-4
developed by OpenAl, an Al model with advanced image analysis features, to analyze the spatial
geometric proportions between “Form” features. “Material” category contains features of
“Wood, Masonry, Metal, Glass, Fabric, Biophilic”. Images are also sent to ChatGPT-4 to
analyze the material proportions of each environment. “Color” category contains features of
“Black, Gray, White, Red, Pink, Orange, Yellow, Green, Blue, Purple”. This study performs
color distribution analysis based on HSV color segmentation via “OpenCV”, a library of
programming functions for computer vision, as shown in Fig.3.5.

Fig.3.4: Geometric Segmentation
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Fig.3.5: Color Segmentation

These features computations are later compiled into one dataset as shown in Fig.3.6, and further
used in a variety of supervised regression analysis such as linear regression, decision tree, and
random forest, etc. Additionally, these images are also used in unsupervised learning analysis
using K-means clustering to help further extract correlations between design elements and
human valence and arousal responses.

1.¢_12: Forms and Matesiais

Fig.3.6: Example: Feature extraction data visualization

3.2.2 Biometric Data collection and Data Processing
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Fig.3.7: Environmental data and Biometric data collection



To collect the biometric data, this study uses a noninvasive wireless EEG headset called Insight
2.0 developed by Emotiv to collect EEG data; and uses a smartwatch called “Fitbit Charge 6
developed by Google to collect EDA and RHR data. as shown in Fig.3.8. Following the IRB
protocol for human subject tests and the reliability of collected data, this study only invites
people who are at least 21 years old without any health conditions (such as neurological
disorders or use of psychoactive medication...etc.) that may affect physiological or cognitive
functioning to be Test Subjects(TSs). After the devices’ calibration, TSs will keep wearing the
devices until the whole process is over. First, they will select a location to perform daily work
tasks for at least 10-15 minutes. Then, take 3-5 photos to cover the environment in their visual
range. Next, they can start by recording their EDA and RHR data as instructed by the
smartwatch. After 10-15 minutes they will record EDA and RHR data again before moving to a
new location to continue the next data collection or ending the data collection process.

To process the EEG data, this study utilizes Emotiv analysis software “EmotivPro”to translate
the raw EEG data into mental state via performance metrics as shown in Fig.3.8. This study
primarily focuses on “Engagement(En)”, “Relax(Re)”, and “Stress(St)” indexes as they are
associated with the label graph as shown in Fig.2.1. RHR and EDA data will be measured by a
smartwatch called “Fitbit Charge 6” developed by Google. Inc as shown in Fig.3.7. After that,
EEG, RHR, and EDA will be used to comprehensively compute the labels of the corresponding
environments captured in the photos, and later be used to test the CNNs performance.
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Fig.3.8: Example of EDA, RHR, EEG recording

3.3 Building CNNs model



This study uses the MobileNetV2 (Sandler et al. 2018) CNN model development begins with
importing libraries including TensorFlow, numpy, pandas, and scikit-learn, along with specific
modules for image processing and model building. The data is loaded from a CSV file containing
image IDs and associated features, which is read using pandas. Images are preprocessed to a
target size of 224x224 pixels to match the input requirements of the MobileNetVV2 model. Helper
functions are used to load and preprocess these images, ensuring they are compatible with the
model. To address class imbalance, data augmentation techniques, including rotation, zoom,
width and height shifts, shear, and horizontal flips, are applied using the “ImageDataGenerator”.
The MobileNetVV2 model, pre-trained on the ImageNet dataset, is employed for feature
extraction. Custom layers are added on top of this base, combining image features with
additional CSV features. The architecture is defined by flattening the base model’s output,
concatenating it with CSV inputs, and passing it through dense layers with ReL U activation
functions, culminating in a softmax output layer for classification. The model is compiled using
the Adam optimizer and categorical cross-entropy loss function and is then trained using the
augmentation dataset. The training process is validated through a separate validation set, and the
model’s performance is evaluated, yielding metrics such as accuracy to gauge its effectiveness in
classifying images based on their impact on occupants’ wellbeing.



4, Result and Discussion
4.1 CNNs Modeling Result

After processing the label classification based on the collected survey responses, the
environments were categorized as follows: 501 as “Neutral,” 114 as “Relax,” 107 as “Negative,”
95 as “Bored,” 68 as “Flow,” 11 as “Positive,” and 4 as “Stress” (Fig.4.1). To address class
imbalance, 150 additional images were augmented, focusing on underrepresented classes. The
dataset was split into 870 training samples and approximately 180 validation samples, following
an 80/20 train-test split. The model was trained over 10 epochs with a batch size of 32.
Evaluation on the validation set resulted in an accuracy of 53.33%, while the training accuracy
reached 99.43% (Fig.4.2), indicating overfitting, where the model fails to generalize unseen data.
This underperforming issue can be caused by factors such as limited and homogeneous dataset;
high model complexity; and insufficient data augmentation, given by the sample size of this
research. The dataset, with only 870 training samples and approximately 180 validation samples,
might not fully capture the diversity and complexity of interior environments. This limited data
may lead to overfitting and hinder the model’s ability to generalize to new environments.
Additionally, data augmentation techniques, such as rotation, zoom, and flips, may introduce
unrealistic variations that do not reflect natural changes in physical spaces, potentially affecting
the model's learning process. There are several potential steps to improve the CNN models.
Applying regularization techniques such as introducing dropout layers during the training
process, or L2 regularization to encourage the model to maintain simpler weights, can reduce the
risk of overfitting. Also, other model architectures or simplification methods can be explored to
prevent it from becoming too complex and thus prone to overfitting. Besides, more data to
enhance the diversity and comprehensiveness of the training set is much needed to improve its
generalization capability.
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Fig.4.1: Image class distribution



Epoch 1/18

28/28 [==============================] - 525 25/step - loss: 5.9281 - accuracy: 8.3781 - val_loss: 3.8579 - val_accuracy: 8.4667
Epoch 2/1@

28/28 [==============================] - 525 25/step - loss: 1.8233 - accuracy: 8.7678 - val_loss: 3.3154 - val_accuracy: 8.5556
Epoch 3/1@

28/28 [==============================] - 805 2s5/step - loss: @.2148 - accuracy: 8.9437 - val loss: 3.8327 - val accuracy: 8.5278
Epoch 4/1@

28/28 [==============================] - 525 2s/step - loss: @.8761 - accuracy: 8.9816 - val_loss: 2.7377 - val_accuracy: 8.5222
Epoch 5/1@

28/28 [==============================] - 6@s 2s/step - loss: @.8585 - accuracy: 8.99@8 - val_loss: 3.2489 - val_accuracy: 8.5333
Epoch 6/1@

28/28 [==============================] - 825 3s5/step - loss: ©.8398 - accuracy: 8.9885 - val_loss: 3.8866 - val_accuracy: 8.5333
Epoch 7/18

28/28 [==============================] - 655 25/step - loss: @.841% - accuracy: 8.9228 - val_loss: 3.3284 - val_accuracy: ©.5444
Epoch 8/1@

28/28 [==============================] - 485 25/step - loss: @.8278 - accuracy: 8.9228 - val_loss: 3.5584 - val_accuracy: ©.5444
Epoch 9/1@

28/28 [============s==================] - 735 3s5/step - loss: @.8597 - accuracy: 8.9288 - val loss: 3.8221 - val accuracy: ©.4944
Epoch 18/18

28/28 [==============================] - G555 2s5/step - loss: @.8175 - accuracy: 8.9943 - val loss: 3.3228 - val_accuracy: 8.5333

Fig.4.2: CNN model training and evaluation

4.2 Insights from Regression Models

The regression model showed suboptimal performance, with almost all models (Fig.4.3) having
negative R2 scores, indicating that they perform worse than a simple mean prediction of the
target variable. The Ridge Regression model is the only model with a slightly positive R2 score
but is close to zero (0.011312), indicating minimal explanatory power. The high Mean Squared
Error (MSE), and Mean Absolute Error (MAE) across all models further highlights the
significant prediction errors, and low R2 suggest that the model does not capture much of the data
variability and may not fully understand the underlying patterns. Other models such as Lasso
Regression and ElasticNet showed similar performance to Ridge Regression but with slightly
lower RZ scores. Ensemble methods like Random Forest Regressor and Gradient Boosting
Regressor provided moderate performance improvements, but their R? scores were still negative.
CatBoost and LightGBM showed slightly better performance among the boosting algorithms,
though their R2 scores remained negative. These results highlight that significant improvements
are needed. Several potential steps include data preprocessing such as noise reduction by
removing irrelevant details from the image of the interior environments that might introduce
noise; better feature engineering such as contextual features introducing object detection for
materials and calculating their pixel proportion to the entire image; and deeper hyperparameter
tuning. However, as the original data are essentially images, which the underlying structure and
non-linearity issues could be inherently too difficult for regression models to learn the
association between design elements and their wellbeing impacts.



mean_squared_error mean_absolute_error R2_score

Ridge Regression 0.754045 0.679883 0.011312
Lasso Regression 0.768611 0.688511 -0.006191
ElasticNet 0.768611 0.688511 -0.006191

Linear Regression 0.782465 0.692989 -0.029794
Random Forest Regressor 0.792805 0.707229 -0.042428
Gradient Boosting Regressor 0.806049 0.711030 -0.060012
AdaBoost Regressor 0.819180 0.725575 -0.083287
CatBoost 0.847537 0.730277 -0.108338
LightGEM 0.867224 0.746579 -0.137387

Hist Gradient Boosting Regressor 0.897959 0.754003 -0.175506
XGBoost 0.950195 0.767330 -0.243682

(%]

5368

R

Extra Tree Regressor 1. 0.969850 -1.045935

Decision Tree Regressor 1.680412 1.001631 -1.211216

Fig.4.3: Means squared errors of various regression models
4.3 Clustering and Principal Component Analysis

To uncover underlying structure and address non-linearity issues, K-means clustering and
principal component analysis (PCA) were performed. Seventeen clusters were suggested based
on the elbow method (Fig.4.4), and “Cluster 14” was selected as an example for PCA shown in
the correlation matrix (Fig.4.5 and Fig.4.6). The feature extraction methods might not fully
capture all relevant aspects of interior design elements. While effective for general image
features, they may miss subtle, domain-specific nuances crucial for understanding the impact of
interior environments on wellbeing. Advanced feature extraction techniques tailored to interior
design could provide more accurate and insightful features. The analysis revealed several
interesting relationships between design elements and their impacts on occupants’ valence and
arousal responses. For valence, rectilinear design elements showed a positive correlation (0.25),
suggesting that straight lines and orderly designs are associated with positive valence. Glass
elements also exhibited positive emotions. In contrast, sharp design elements had a negative
correlation with valence (-0.39), implying that they are perceived negatively. Surprisingly,
biophilic elements, typically associated with positive wellbeing outcomes, showed a negative
correlation (-0.46) with valence in this dataset. For arousal, wood (0.18) and glass (0.22)
elements were positively correlated, suggesting these materials are associated with higher arousal
levels, enhancing alertness and engagement. Conversely, biophilic elements displayed a negative
correlation (-0.32) with arousal, indicating a calming effect, aligning with the general
understanding of biophilic design promoting relaxation.
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4.4 Key Findings and Their Implications

The findings indicate that certain design elements have a consistent impact on occupants'
emotional responses. Glass elements are positively correlated with both valence and arousal,
making them versatile for creating environments that are both engaging and emotionally
positive. This suggests that incorporating glass in interior designs can enhance occupants’ overall
emotional wellbeing. Rectilinear elements also contribute positively to valence, suggesting that
clean, straight lines are aesthetically pleasing and contribute to a positive emotional state. The
negative correlation of sharp design elements with valence highlights their potential to evoke
negative emotions, suggesting that softer, less aggressive design choices may be preferable for
promoting positive emotions. The consistent negative correlation of biophilic elements with
arousal suggests their effectiveness in creating calming, low-arousal environments. However, the
unexpected negative correlation with valence warrants further investigation to understand the
underlying factors that may contribute to this outcome in the specific context of this dataset.
Despite promising findings, several limitations should be acknowledged to guide future research.
The lack of control over survey participants' demographics and professional backgrounds may
have introduced biases. Future studies should ensure a more representative and balanced
participant pool.

5. Conclusion (600 words)

This study provides a comprehensive analysis of the influence of interior design elements on
occupants' emotional responses through the integration of qualitative and quantitative methods.
By categorizing environments based on survey responses into seven classes—“Neutral,”
“Relax,” “Negative,” “Bored,” “Flow,” “Positive,” and “Stress”—it was found that a significant
portion of the environments were perceived as “Neutral.” The CNN model, despite achieving a
high training accuracy of 99.43%, exhibited a lower validation accuracy of 53.33%, suggesting
potential overfitting and highlighting the need for a more diverse training dataset. Regression
analysis revealed the non-linear nature imposes a significant challenge for regression models to
effectively learn the relationship between design elements and emotional responses. K-means
clustering and PCA provided further insights, such as the positive impact of rectilinear and glass
elements on valence and the calming effect of biophilic elements on arousal. However, the
unexpected negative correlation of biophilic elements with valence suggests a need for further
investigation. These findings have practical implications for architectural design. Glass and
rectilinear elements were found to enhance emotional positivity and engagement, making them
valuable for creating appealing and emotionally supportive environments. Conversely, sharp
design elements should be used cautiously due to their potential to evoke negative emotions, and
the application of biophilic elements requires a nuanced approach to balance their dual effects on
valence and arousal. Several limitations were identified, including the need for a more
representative participant pool and a larger, more diverse dataset to capture the complexity of
interior environments. Advanced feature extraction techniques and more sophisticated model
tuning and optimization could also enhance predictive performance.

Overall, this study demonstrates the potential of mixed-methods research in understanding the
impact of interior design on occupant wellbeing. The integration of CNN modeling, regression
analysis, and clustering techniques provides a holistic view of how design features influence
emotional responses. These insights can guide architects and designers in creating spaces that



promote emotional wellbeing, ultimately contributing to healthier and more productive
environments. The study's findings have significant potential to impact future design strategies,
encouraging the development of environments that not only meet aesthetic and functional needs
but also support the psychological and emotional health of their occupants.
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