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    ABSTRACT

    Aligning e-commerce with Sustainable Development Goals (SDGs) requires understanding vast customer data. This study uses semantic analysis to analyze customer preferences, focusing on aligning business strategies with SDG 8 (economic growth) and SDG 12 (responsible consumption). This research is distinct by empirically bridging unstructured customer reviews and actionable SDG-aligned practices, moving beyond traditional sentiment analysis. Using a big data approach, the study employs PySpark and logistic regression to evaluate customer reviews via parsing, preprocessing, and model training. Findings reveal product quality, convenience, and pricing significantly influence satisfaction. These insights help businesses reduce waste (SDG 12) and optimize workflows (SDG 9). By aligning data insights with SDGs, businesses can promote sustainable consumption and economic growth.
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INTRODUCTION  


The Digital Transformation of Commerce and the Data
Deluge


The 21st century has been
characterized by a profound digital transformation that has irrevocably altered
the landscape of global commerce. At the heart of this transformation lies
e-commerce, which has evolved from a nascent alternative to a dominant and
pervasive economic force . Propelled by increasing internet penetration, mobile
device ubiquity, and shifting consumer expectations, the global e-commerce
market has witnessed exponential growth. This rapid expansion has not only
democratized market access but has also generated an unprecedented volume and
variety of data. This phenomenon, often termed 'big data,' is no longer viewed
merely as a transactional byproduct. Instead, the capacity to leverage big data
analytics has become a fundamental driver of business model innovation,
enabling e-commerce firms to create new services, optimize customer
experiences, and maintain a competitive edge (Alsmadi et al., 2024) . A deep
understanding of these patterns allows companies to move beyond intuition-based
decision making towards a data-driven strategy, enabling them to refine product
offerings, personalize marketing campaigns, optimize supply chains, and
ultimately, enhance customer satisfaction, the cornerstone of sustained
business success (Raji et al., 2024).


 


The
Shifting Consumer Paradigm: Towards Conscious Consumption


While the traditional drivers of
online shopping, namely convenience, competitive pricing, and extensive product
selection, remain highly influential, the contemporary consumer landscape
demands a more nuanced understanding of motivations. Today's consumers,
particularly younger generations, are increasingly "conscious consumers."
Their purchasing decisions are influenced not only by product attributes and
price but also by the values and ethics of the brand behind the product .
Factors such as data privacy assurances, transparent supply chains, ethical
labor practices, and environmental impact are becoming integral components of
the online customer experience and directly influence satisfaction and loyalty
levels (Strizhakova & Coulter, 2024). This shift poses both challenges and
opportunities for e-commerce businesses. This paper delves into the profound
application of semantic analysis, a subfield of Natural Language Processing
(NLP), within the realm of online retail. Such an analytical approach is poised
to become an indispensable asset for online businesses, empowering them to
significantly elevate customer satisfaction and strategically optimize their
operational frameworks and product portfolios (Ahmad et al., 2022).


 


The Imperative of Sustainability and the
Role of the SDGs


Parallel to the digital revolution
is a growing global consensus on the urgency of sustainable development, guided
by the UN Sustainable Development Goals (SDGs) (United Nations, 2022) .
Businesses now recognize that long-term value creation is intrinsically linked
to positive social and environmental impact. Leveraging semantic analysis of
customer data thus becomes an imperative tool for identifying preferences for
sustainable practices. This research places a specific emphasis on two key SDGs
relevant to the e-commerce ecosystem: 1. SDG 12 (Responsible Consumption and
Production): This translates to minimizing waste, reducing returns, and
promoting sustainable purchasing choices (Ahmed et al., 2022). 2. SDG 8
(Decent Work and Economic Growth): This involves fostering fair labor
practices and ethical sourcing in global e-commerce supply chains, often
enhanced by technologies like AI (Ayesha et al., 2025) . Insights may also
indirectly support other goals, such as SDG 9 (Industry, Innovation, and
Infrastructure) by streamlining logistics.


 


Research Objectives, Contribution, and
Research Gap 


This research endeavors to make a
substantial contribution to the intersecting fields of big data analytics,
e-commerce studies, and sustainability science. The core objective is to
demonstrate the transformative potential of semantic analysis as a
methodological bridge connecting raw customer data to actionable, SDG-aligned
business strategies. While robust models exist for consumer behavior (TAM, TPB)
and the strategic importance of the SDGs is known, a significant research gap
exists at their intersection. There is a lack of empirical research that
systematically uses advanced semantic analysis on large-scale, real-world
customer data to precisely identify consumer preferences for SDG-aligned
business practices and translate these findings into actionable strategies.
This study aims to fill that gap by illuminating the indispensable role of
semantic analysis in deciphering customer preferences to optimize operations
and promote sustainable consumption practices.


 


LITERATURE
REVIEW


Foundations
of Consumer Behavior in the Digital Realm 


The rapid evolution of e-commerce has
necessitated the adaptation and extension of traditional consumer behavior
theories.



 	The
     Technology Acceptance Model (TAM): 




Originally proposed
by Davis (1989), TAM is a foundational theory explaining user acceptance of
information systems. It posits that two key beliefs, Perceived Usefulness (PU)
and Perceived Ease of Use (PEOU), are primary determinants of a user's
intention to use a technology. In the e-commerce context, PU relates to the
platform's ability to help a consumer achieve their shopping goals efficiently
(e.g., product selection, pricing, convenience) (Cai, 2022; Gulfraz et al.,
2022). PEOU pertains to the user-friendliness of the website or app, including
intuitive navigation and a simple checkout process. Both are critical
antecedents of customer satisfaction and their continued intention to engage
with an e-commerce platform (Hossain et al., 2024).



 	The Theory of Planned Behavior (TPB): 




Developed
by Ajzen (1991), TPB is a highly influential theory that predicts an
individual's intention to engage in a behavior. It suggests that intention is
shaped by three core constructs: Attitude toward the behavior, Subjective Norms
(perceived social pressure), and Perceived Behavioral Control (the perceived
ease or difficulty of performing the behavior). When applied to sustainable
e-commerce, TPB provides a powerful framework for understanding a consumer's
intention to purchase eco-friendly products, based on their personal attitude,
social norms, and perceived ability to find and afford sustainable options
(Callizo López et al., 2022).


 


The Pivotal Role of Trust and Perceived Risk in
e-commerce



Beyond usability and planned intentions,
the concepts of trust and perceived risk are fundamental.


1.      Trust: 


In an online
context, trust is defined as a consumer's willingness to be vulnerable to the
actions of an online vendor, based on the expectation that the vendor will
behave reliably, competently, and with integrity (Yusuf et al., 2022). Factors
contributing to online trust include website security, transparent privacy
policies, and positive vendor reputation. In the realm of sustainable
e-commerce, trust extends to believing a company's claims and avoiding
"greenwashing." Genuine trust is crucial and can be shaped by
strategic social media marketing (Kothari et al., 2025; Mallik et al., 2025).


2.      Perceived Risk: 


This refers to the
consumer's subjective expectation of suffering a loss, such as financial risk,
product performance risk, time risk, or privacy risk. For sustainable products,
consumers might perceive additional risks regarding effectiveness or social
perception. Mitigating these perceived risks is a primary task for e-commerce
businesses.


 


Big Data, NLP, and Semantic Analysis: The
Technological Enablers 


The proliferation of digital data
has made Big Data Analytics an indispensable tool for e-commerce. Big data is
characterized by the "5Vs": Volume (sheer scale), Velocity (high
speed), Variety (range of data types), Veracity (trustworthiness), and Value
(potential for insights) (Erl et al., 2016) . Semantic analysis, a
sophisticated subfield of Natural Language Processing (NLP), is crucial for
extracting value from unstructured text data like customer reviews (Ghatora et
al., 2024; Malik & Bilal, 2024). Unlike traditional keyword-based analysis,
semantic analysis aims to understand the meaning, context, sentiment, and
underlying intent of language. It can differentiate between "The screen is
big" (a neutral fact) and "The screen is too big" (a negative
sentiment). This deeper understanding is vital for identifying nuanced customer
preferences and pain points.


 


The SDG Framework and Corporate Social Responsibility
(CSR)



The Sustainable Development Goals
(SDGs) represent a global consensus and a call to action for the private
sector. The integration of business practices with the SDGs is increasingly
recognized not just as a moral imperative but as a strategic one for long-term
sustainability and competitive advantage (Meseguer Sánchez et al., 2021).
Businesses that authentically align their core operations with the SDGs can
enhance their brand reputation, attract and retain talent, mitigate risks, and
innovate new products and services. This alignment requires a deep
understanding of consumer preferences for sustainable practices an
understanding that semantic analysis is uniquely positioned to provide.


 


Synthesis,
Research Gap, and Hypothesis Development 


The literature provides robust models for
understanding online consumer behavior (TAM, TPB), highlights the importance of
trust and risk, details the capabilities of big data analytics, and establishes
the strategic importance of the SDGs. However, a significant research gap
exists at the intersection of these domains. While many studies have explored
these areas individually, there is a lack of empirical research that
systematically uses advanced semantic analysis on large-scale, real-world
customer data to precisely identify consumer preferences for SDG-aligned
business practices and translate these findings into actionable strategies.
This research aims to bridge this gap. Based on this framework, we propose the
following hypotheses (as seen in figure 1):


1.     
H1: Semantic analysis
of customer reviews can accurately identify key drivers of customer
satisfaction and dissatisfaction related to product attributes and service
quality in e-commerce.


2.     
H2: There is a
significant positive correlation between customer sentiment expressed in online
reviews and preferences for business practices aligned with the SDGs (e.g.,
product durability, ethical sourcing, minimal packaging).


3.     
H3: Businesses that
leverage insights from semantic analysis to implement SDG-aligned practices
will experience improved customer satisfaction and loyalty.
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Figure
1. Conceptual Framework: Semantic Analysis to Bridge Consumer
Preferences for SDGs with Customer Satisfaction


 


METHODOLOGY


To
empirically test the hypotheses, this study adopts a structured, quantitative
research design employing a big data analytic cycle. The methodology is
designed to be systematic and replicable, encompassing data acquisition,
rigorous preprocessing, advanced analysis, and visualization of results.


 


Business
Case Evaluation


The
key focus of this analysis is the importance of recognizing customer
satisfaction and its direct influence on a business. Customer satisfaction
holds significant weight as it shapes customer reviews, ultimately impacting a
business's sales. To effectively optimize a business's future and decision
making processes, it is imperative to embrace and adapt to evolving customer
preferences. This can be accomplished through a thorough analysis of customer
reviews, allowing for deeper insights into their needs and preferences. By
understanding and leveraging this information, businesses can make informed
decisions to enhance their offerings in strengthen strategy toward customer preference
and requirement.


 


Data Identification and Sourcing


The dataset
utilized for this analysis comprises customer reviews of apparel products from
Amazon US. This dataset was sourced from the Hugging Face Datasets
platform, a leading open source repository for machine learning datasets
and models (Dataset
URL: https://huggingface.co/datasets/amazon_us_reviews). The apparel
category was specifically chosen due to its direct relevance to sustainability
discussions, including issues of "fast fashion," material sourcing,
labor practices, and product lifecycle all of which are central to SDGs 8 and
12. The dataset contains several potentially relevant fields,
including customer_id, product_title, review_headline, review_body,
and star_rating.
as
seen in image 2.



  
    [image: ]
    
  



Figure 2. Dataset for Semantic Analysis


 


Data Acquisition and Filtering


Data acquisition was
programmatically performed using Python. The initial step involved utilizing
web parsing techniques, specifically employing the BeautifulSoup library
in conjunction with the Pandas library for data manipulation.
This allowed for the structured extraction of the relevant data points from
their source format into a Pandas DataFrame. The raw data was then saved as a
CSV file (data_online.csv) for local processing and initial inspection. as seen
in image 3. The initial dataset contained a large volume of reviews,
necessitating a filtering step to create a manageable yet representative sample
for the detailed analysis pipeline.



  
    [image: ]
    
  



Figure 3. Web Parsing and Making CSV


Data
Preprocessing: The Foundation for Quality Analysis


Raw text data from the internet is
inherently noisy and unstructured. Therefore, a rigorous multi step
preprocessing pipeline was implemented to clean and standardize the data, which
is essential for the accuracy and validity of any subsequent analysis. The
cleaned data was stored in a DataFrame referred to as dataclean.


The key preprocessing steps were as follows:


1.      Data
Cleansing: The
dataset was first inspected, as seen in image 3.3. for and stripped of
duplicate entries to prevent data redundancy and model bias. Rows with missing
values in critical columns (review_body, star_rating) were also removed.


2.      Text
Normalization: All text in
the review_headline and review_body columns was converted
to lowercase to ensure uniformity (e.g., treating "Good",
"good", and "GOOD" as the same word).


3.      Tokenization: The
normalized text was broken down into individual words or "tokens."
This process transforms a sentence into a list of its constituent words, which
is the basic unit for most NLP tasks.


4.      Punctuation
and Special Character Removal: All punctuation marks, numbers, and
special characters were removed from the token lists, as they typically do not
carry significant semantic meaning for sentiment analysis.


5.      Stop Word
Removal: Commonly
occurring words that add little to no semantic value (e.g., 'the', 'a', 'is',
'in', 'on') were removed. A standard English stop word list was utilized for
this purpose, effectively reducing noise and the dimensionality of the data.


6.      Lemmatization: To
further consolidate the data, lemmatization was applied. This process reduces
words to their base or dictionary form (lemma). For example,
"running," "ran," and "runs" would all be
converted to "run." This is more advanced than simple stemming and
helps in grouping related words more accurately, improving the model's ability
to identify core concepts. (Occhipinti et al., 2022).
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Figure 4. Read CSV


The
amazon US customer review dataset is duplicated and prepared for the
filtration, with the purpose to avoid data redundancy and duplicate which
including noise which can affect data accuracy and quality, as seen in image
4.
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Figure
5. Data duplicated


 


Data
Extraction


In
this step, we extract data that are used for the evaluation of the customer
satisfaction to get the customer preference. as seen in image 3.5.
Intangible assets (e.g. order tracking, product information, product price
comparison, and customer rating) are primarily involved in the process of
delivering B2C products. These assets are complementary services to help
customers complete the ordering process. the parameter used for the analysis is
labels of review headline and star rating. 
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Figure 6. Data Extraction


 


Data
Validation and Cleansing 


Evaluate
the data that we extract, make sure it is not an invalid data that could cause
error in training and falsify the analysis result, and the data clean is on
data frame ‘dataclean.csv’


 


Data
aggregation and representation 


Data
can be used for analysis and be called as their header labels which will be
updated every drop duplicated and dataset can be joined together via table for
every requirement. With the example of data CSV named as ‘dropped_data.csv’
with data frame ‘datacleandrop’.


 


Data
Analysis and Modeling


Apache
Spark,
a powerful open source distributed computing system, was utilized for the core
data analysis. as seen in image 3.6. PySpark, the Python API for Spark,
was employed to create Spark sessions and read the preprocessed CSV file
('dropped_data.csv')(Tariq et al., 2021).
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Figure 7. Import Data and module


The
'review_headline' and 'star_rating' columns were selected for evaluating and
analyzing customer satisfaction. The data was then separated into training and
testing datasets, a standard practice in machine learning for building and
validating predictive models. Key techniques applied during data preprocessing
within PySpark included:


1.     
Tokenization:
The process of breaking down text into individual words or tokens. This is
crucial for preparing text data for further analysis. as seen in image 8.
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Figure 8. Tokenization and SVR


 


2.     
Stop
Word Removal: Commonly occurring words (e.g., 'the', 'a', 'is') that do not
carry significant meaning for sentiment analysis were removed to reduce noise
and improve the efficiency of the model.


3.     
Feature
Engineering (HashingTF): The preprocessed lists of tokens (words) were
converted into numerical feature vectors using the HashingTF transformer.
HashingTF maps sequences of terms to fixed length feature vectors. This is a
highly scalable approach for text vectorization, making it well suited for big
data environments. Each review's text was thus transformed into a numerical
representation that a machine learning algorithm could understand. as seen in image
9.
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Figure 9. HashingTF


 


4.      Model
Selection and Rationale (Logistic Regression): Logistic
Regression was selected as the classification algorithm for this study.
Despite the availability of more complex models, logistic regression was chosen
for several strategic reasons:


a.      Interpretability: The
coefficients of a trained logistic regression model can be directly interpreted
to understand the influence of each feature (word) on the sentiment outcome,
providing clear and actionable insights.


b.      Efficiency
and Scalability: It is computationally efficient and scales well to large
datasets, especially when implemented within a distributed framework like
PySpark.


c.       Robust
Baseline: It serves as a strong and well understood baseline model for
text classification. Its performance provides a benchmark against which more
complex models could be compared in future work.


d.     Robustness
to Noise: With proper preprocessing, it is surprisingly robust to the
inherent noise in real world text data. (Occhipinti et al., 2022).


The
model was trained using the Amazon customer review training dataset. The
mathematical representation of the logistic function as seen in image 10.



  
    [image: ]
    
  



Figure
10. Logistic function


Where: 


P (Y = 1)
is the probability of the positive class (e.g., positive sentiment). 


e is the
base of the natural logarithm. 


β 0 is
the intercept. 


β1, ...,
β0 n are the
coefficients for the independent variables X 1, ..., X n.


 


Model Training and
Validation: The
dataset was partitioned into a training set (70%) and a testing set (30%). This
split is critical for evaluating the model's generalization capability. The
model was trained on the training data, as seen in image 11. and its
performance was evaluated on the unseen testing data to provide an unbiased
estimate of its accuracy and prevent overfitting. Model performance was
assessed using standard classification metrics, including Accuracy,
Precision, Recall, and F1 Score.
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Figure 11. Data Training


 


Data
Visualization and Utilization


Following model prediction and
evaluation, the key insights from the sentiment analysis were consolidated. as
seen in image 3.11. A prototype dashboard was designed to visualize
these results, providing a comprehensive and intuitive overview of customer
sentiment trends, key satisfaction drivers, and common pain points. Such a
dashboard serves as an invaluable business intelligence tool for continuous
monitoring and strategic decision making.
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Figure 12. Predicting sentiment


 


The
analysis results demonstrate the feasibility of using this model to evaluate
online shop review datasets, providing deep insights into customer preferences
and enabling businesses to make data driven decisions for improvement and
optimization. This approach aligns with the broader goal of leveraging big data
analytics to achieve sustainable development goals by understanding and
responding to consumer behavior.


 


Utilization
of analysis result 


The
result shows that the prediction of the model’s accuracy is high and this is
feasible to be used as a model to evaluate the result of the rating of an
online shop reviews dataset. as seen in image 13.
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Figure 13. Create dashboard


 


RESEARCH RESULT


Model
Performance Evaluation


The
sentiment analysis model, developed using PySpark and logistic regression,
demonstrated a prediction accuracy of 0.85. This accuracy was derived from a
training dataset where 51 predictions were true and 9 were false, indicating a
robust performance in evaluating customer reviews within the Amazon customer
review dataset. as seen in image 14.
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Figure
14. Result of the Program


The
foundational process involved a systematic approach to data acquisition,
commencing with web parsing techniques. This initial step was crucial for
extracting pertinent data points, including customer IDs, detailed product
descriptions, customer reviews, comments, and star ratings, all meticulously
pulled from complex HTML structures. Following acquisition, the raw data
underwent rigorous preprocessing, a multi stage procedure essential for
ensuring the integrity and quality of the dataset. Key preprocessing techniques
included tokenization, which breaks down text into individual words or tokens, and
stop word removal, which eliminates common words that do not contribute
significant meaning to sentiment analysis. The application of HashingTF further
transformed these processed terms into fixed length feature vectors, rendering
the textual data amenable to machine learning algorithms. These preparatory
steps were instrumental in creating a clean and structured dataset, which was
then fed into the Spark session for subsequent model training. The logistic
regression model, a powerful and adaptive regression methodology, subsequently
determined the probability of each event, culminating in the final sentiment
prediction. The insights gleaned from these predictions are of paramount
importance for the continuous evaluation and strategic optimization of vendor
and business approaches within the online retail landscape. This indicates that
the model is robust and reliable in distinguishing between positive and
negative customer sentiment based on the textual content of the reviews.


To provide a more nuanced view of
the model's performance, other metrics were also considered:


1.      Precision: Measures
the accuracy of positive predictions. A high precision indicates that when the
model predicts a review is positive, it is highly likely to be correct.


2.      Recall: Measures
the model's ability to identify all actual positive reviews. A high recall
indicates that the model is effective at finding most of the positive reviews
in the dataset.


3.      F1 Score: The
harmonic mean of Precision and Recall, providing a single score that balances
both concerns.


The strong performance across these metrics confirms
that the chosen methodology, from preprocessing to modeling, was effective in
capturing the sentiment signals present in the customer review data.


 


Thematic Findings from Semantic Analysis


Beyond the aggregate performance
metrics, the true value of the analysis lies in identifying the specific themes
and keywords that drive sentiment. By examining the coefficients of the
logistic regression model and conducting a qualitative review of high impact
words, several key themes emerged:


1.      Theme 1:
Foundational Product Quality and Material Integrity. Unsurprisingly,
words directly related to product quality were the strongest predictors of
sentiment. Positive sentiment was heavily driven by terms like
"soft," "comfortable," "durable," "well
made," "perfect fit," and "high quality." Conversely,
negative sentiment was strongly associated with "cheap," "thin
material," "fell apart," "poor stitching," and
"wrong size." This confirms that core product attributes remain the
bedrock of customer satisfaction.


2.      Theme 2:
The e-commerce Service Layer   Logistics and Convenience. The
analysis revealed that the customer experience is significantly shaped by the
service layer surrounding the product. "Fast shipping," "arrived
early," and "easy return" were powerful drivers of positive
sentiment. In contrast, "slow delivery," "late,"
"never arrived," and "difficult return process" were major
sources of customer frustration and negative reviews.


3.      Theme 3:
Price, Value, and Perceived Worth. The concept of value was a
recurring theme. Positive reviews often contained phrases like "great
value," "worth the price," and "good deal." This was
not simply about being cheap; it was about the perceived quality relative to
the cost. Negative reviews often expressed a mismatch in this equation, with
terms like "overpriced," "not worth it," and "too
expensive for the quality."


4.      Theme 4:
Implicit Sustainability Signals. This is the most crucial finding for
this research. While very few reviews explicitly used terms like
"sustainable" or "eco friendly," the analysis uncovered
strong implicit preferences for SDG aligned attributes:


a.      Durability
and Longevity (SDG 12): The frequent and highly positive
sentiment associated with "durable," "long lasting," and
"holds up well" indicates a consumer preference for products that
resist the "throwaway" culture of fast fashion. This directly aligns
with the goal of reducing waste and promoting responsible consumption.


b.      Packaging
(SDG 12): While
less frequent, comments mentioning "minimal packaging" or
"recyclable packaging" were almost universally positive. Conversely,
complaints about "excessive plastic" or "huge box for a small
item" were clear indicators of dissatisfaction.


c.       Material
Consciousness (SDG 12 and SDG 8): Positive mentions of specific
materials like "organic cotton" or "natural fibers," though
niche, were very strong positive signals. This points towards an emerging
segment of consumers actively looking for more sustainable material choices.
Mentions of "ethically made" or "fair trade," when present,
were also powerful drivers of positive sentiment, connecting to the principles
of SDG 8.


 


DISCUSSION


The empirical results provide strong
support for all three research hypotheses and offer a rich basis for discussion,
as seen in image 4.2.


1.      H1:
Semantic analysis of customer reviews can accurately identify key drivers of
customer satisfaction and dissatisfaction related to product attributes and
service quality in e-commerce.  (SUPPORTED)

The 85% accuracy of the model, combined with the clear thematic findings,
unequivocally demonstrates that semantic analysis is highly effective in this
regard. The model successfully moved beyond simple sentiment classification to
pinpoint specific attributes (e.g., 'soft fabric'), service aspects ('fast
shipping'), and value perceptions ('great value') that drive customer opinions.
This confirms that the methodology can provide businesses with granular,
actionable feedback directly from the voice of the customer, validating H1.


2.      H2: There
is a significant positive correlation between customer sentiment expressed in
online reviews and preferences for business practices aligned with the SDGs
(e.g., product durability, ethical sourcing, minimal packaging).  (SUPPORTED)

The analysis of implicit sustainability signals provides compelling evidence
for this hypothesis. The strong positive sentiment attached to durability,
longevity, and quality materials is a direct proxy for a preference for
products that last longer and thus generate less waste, a core principle of SDG
12. While consumers may not use the language of the SDGs, their expressed
preferences align perfectly with its goals. The positive reactions to
sustainable packaging and ethical cues further strengthen this conclusion. This
finding is crucial because it shows that sustainability is not just a niche
concern but is embedded within mainstream consumer definitions of
"quality" and "value." This validates H2.


3.      H3:
Businesses that leverage insights from semantic analysis to implement SDG
aligned practices will experience improved customer satisfaction and
loyalty.  (SUPPORTED)

While this study did not directly measure the longitudinal impact of business
changes, the results strongly support this causal link. The analysis provides a
clear roadmap for improvement: by addressing the pain points that cause
negative sentiment (e.g., slow delivery, poor quality materials) and enhancing
the attributes that drive positive sentiment (e.g., durability, better
packaging), businesses can create a more satisfying customer experience. When
these improvements are consciously aligned with SDGs for example, choosing
durable materials to reduce waste or optimizing logistics to reduce
emissionsthey not only meet expressed customer expectations but also build a
deeper brand affinity with conscious consumers. This creates a powerful
foundation for long term loyalty based on shared values, not just transactional
benefits. Acting on these insights can transform sustainability initiatives from
a perceived cost center into a core driver of competitive advantage, thus
supporting H3.
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Figure 15. Result
of the Analysis in Dashboard


 


CONCLUSIONS AND RECOMMENDATIONS


This research embarked on an
investigation into the intersection of e-commerce, big data analytics, and
sustainable development. The central premise was that within the vast and
unstructured data of customer reviews lies a rich tapestry of consumer
preferences that, if decoded correctly, could guide businesses towards more
sustainable and successful practices. The findings of this study offer a
resounding affirmation of this premise.


The successful development of an 85%
accurate sentiment analysis model demonstrates that it is technologically
feasible and highly effective to apply machine learning techniques to
systematically understand the voice of the customer at scale. This moves
businesses from anecdotal feedback to a data driven, panoramic view of the
customer experience.


More profoundly, this study reveals
that consumer preferences for sustainability are not merely a niche or loudly
declared demand but are often implicitly woven into their definitions of
quality, value, and satisfaction. The strong positive sentiment associated with
product durability, longevity, and material integrity serves as a powerful
market signal against the unsustainable "fast fashion" model and in
favor of the principles of SDG 12 (Responsible Consumption and Production).
Similarly, positive reactions to ethical cues provide a clear business case for
aligning with SDG 8 (Decent Work and Economic Growth).


In conclusion, semantic analysis is
far more than a technical tool for sentiment classification; it is a strategic
bridge that connects the authentic, unsolicited voice of the customer directly
to the core tenets of sustainable business strategy. By listening to and acting
upon these data driven insights, e-commerce businesses can foster a virtuous
cycle. They can enhance customer satisfaction and loyalty by delivering
products and experiences that align with consumer values, and in doing so, they
can make tangible, meaningful contributions to the global sustainability
agenda. This symbiotic relationship between profitability and responsibility is
the future of sustainable e-commerce.


This study provides several
important implications for both management practice and academic theory, while
also acknowledging its limitations and suggesting avenues for future inquiry.


 


Managerial Implications


The findings offer a clear and
actionable framework for e-commerce leaders:


1.     
Invest
in Data Analytics as a Core Competency: e-commerce
businesses should treat sentiment analysis not as a one off project but as a
continuous business intelligence process for monitoring brand health and
customer satisfaction in real time.


2.     
Redefine
"Quality" to Include Sustainability: The insight
that consumers equate durability with quality should prompt businesses to
invest in better materials and manufacturing processes. This can be marketed as
a key feature, appealing to both value conscious and eco conscious consumers.


3.     
Optimize
the Entire Value Chain: Address logistical pain points like
slow shipping and excessive packaging. These are not just cost centers but
critical touchpoints that shape customer perception and have a direct environmental
impact.


4.     
Leverage
Sustainability in Marketing Authentically: Use the
insights to craft marketing narratives that highlight the specific sustainable
attributes customers value (e.g., "Built to Last," "Shipped with
Less Waste"). This must be backed by genuine action to build trust and
avoid accusations of greenwashing.


 


Theoretical Implications


This research contributes to the
academic literature in several ways:


1.     
Empirical
Validation: It
provides large scale, empirical evidence for the application of the Theory of
Planned Behavior (TPB) in the context of implicit sustainable preferences in
e-commerce.


2.     
Methodological
Blueprint: It
offers a detailed methodological blueprint for using semantic analysis to link
unstructured customer data to the strategic framework of the SDGs.


3.     
Extending
the Definition of Value: It suggests that consumer models of
value in e-commerce are evolving to incorporate sustainability attributes,
adding a new dimension to frameworks like TAM.


 


ADVANCED RESEARCH


Limitations of the Study


It is important to acknowledge the
limitations of this research:


1.     
Dataset
Scope: The
study was confined to the apparel category on Amazon US. Consumer sentiments
and preferences for sustainability may vary significantly across different
product categories (e.g., electronics, food) and cultural contexts.


2.     
Model
Simplicity: While
effective, logistic regression is a relatively simple linear model. More
advanced, context aware NLP models like BERT or other transformer based
architectures could potentially capture more nuanced semantic meanings,
sarcasm, and complex sentence structures.


3.     
Inferred
Intent: The
preference for SDG alignment was largely inferred from related keywords (e.g.,
durability). The study did not directly measure consumers' explicit knowledge
of or intent to support the SDGs.


4.     
Potential
for Data Bias: The dataset consists of reviews from customers
who chose to write them, which may not be fully representative of all shoppers.


Suggestions for Future Research Building on the
findings and limitations of this study, future research could explore several
promising directions, structured as follows:


Short-Term
Research:


1.      Application of
Advanced NLP Models:
Implement and compare the performance of state-of-the-art deep learning models
(e.g., BERT, Transformers) to assess whether they can provide deeper, more
accurate insights from the review text.


Medium-Term
Research:


1.      Cross-Category and
Cross-Cultural Analysis: Replicate this study across different product
categories (e.g., electronics, food) and international e-commerce platforms to
build a more comprehensive, global understanding of sustainable consumer
preferences.


2.      Multi-Modal
Analysis:
Expand the analysis to include other data types, such as images (e.g.,
analyzing customer photos of product defects or packaging) and integrating
quantitative sales data to directly link expressed sentiment to purchasing
behavior.


Long-Term
Research:


1.      Longitudinal
Sentiment Tracking:
Conduct a longitudinal analysis over several years to track how consumer
sentiment towards sustainability evolves over time and how it is impacted by
major economic or social events.


2.      Investigating the
"Say-Do" Gap: Design studies that combine review analysis with
surveys or experiments to more directly investigate the gap between what
consumers say they value in terms of sustainability and their actual purchasing
decisions.


By
pursuing these avenues, researchers can continue to build upon the foundation
laid by this study, further illuminating the path toward a more data-driven,
customer-centric, and sustainable digital economy.
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